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Porcine Reproductive and Respiratory Syndrome (PRRS) is, globally, one of the costliest of 
diseases to the pig industry. Despite enormous efforts, methods such as vaccination 
strategies and herd management have failed to fully control the disease. Exploiting the 
genetic variation in host response could be included as part of a multifaceted approach to 
mitigate the devastating impact of this disease. Establishing the presence of genetic variation 
and its underlying genetic architecture are key to implementing genomic selection, which is 
considered a viable and safe long-term disease control strategy. This thesis explores the 
effect of natural PRRSV outbreaks on the reproductive performance of sows, and the 
underlying genetic influences on it. 
Litter records were available from two farms, where Porcine Reproductive and Respiratory 
Syndrome Virus (PRRSV) outbreaks had been confirmed using ELISA. One farm had full 
pedigree information, but for both farms 60K SNP genotypes were available. In both farms, 
performance records could be partitioned into an epidemic and non-epidemic phase using a 
previously established threshold method. The partitioning also identified a period of high 
reproductive failure not coinciding with a diagnosed PRRSV outbreak on one farm. This 
period was isolated and analysed separately.  
Linear mixed models were used to explore both genetic and non-genetic factors contributing 
to differences in reproductive performance associated with the two phases. This analysis 
identified five disease indicator traits identified showing significant differences (>95% CI) in 
least squares means between the epidemic and non-epidemic phase. These were the number 
of mummified, stillborn, dead and alive piglets per litter and the fraction of the total born 
dead. Alternative statistical models that accounted for differences in the severity of the 
individual PRRSV outbreaks were also considered throughout. Despite differences in the 
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estimates associated with different models and farms, in general very low heritability 
estimates were obtained for these disease indicator traits during the non-epidemic phase, 
whereas the traits were found moderately heritable during the epidemic phase. 
Two genome wide association analyses methods were used to explore the distribution of the 
genetic effects throughout the genome: Family-based Score Test for Association (FASTA) 
and Genome-wide Rapid Analysis using Mixed Model and Regression (GRAMMAR). In 
addition, regional associations were studied using Regional Heritability Mapping (RHM). 
Associations were then further characterised using Measured Genotype (MG) analyses. 
Genome-wide significant associations were identified for five SNPs and one region. The 
regional association spans the region previously identified in an experimental challenge 
experiment of growing pigs, in association with viral load and weight gain. Different patterns 
of linkage disequilibrium (LD) are observed which may explain why this study and others 
failed to find single SNP effects at this location. One genome wide significant SNP on 
SSC15 was found between two previously identified SNPs associated with PRRSV 
mortality. Five further putative SNP associations are indicated by RHM and subsequent 
measured genotype analysis, two of which flank previously reported associations and 
indicate an epistatic effect, observed in several traits.  
In summary, this study showed that reproductive performance of sow is considerably 
reduced during PRRSV outbreaks and the genetics of the sow significantly affects variance 
in survival and mortality. Several novel genomic regions associated with the reproductive 
performance of sows in the absence and during PRRSV outbreaks have been identified in 
this study. In addition to these, the results suggest the region on SSC4 previously associated 
with PRRSV viral load and weight gain may also affect foetal mortality. These results 
demonstrate the potential for genomic selection to be used to mitigate PRRSV related 
reproductive losses, the greatest financial exposure faced by the pig industry. In addition, 
RHM is directly shown to capture genetic variance, where single SNP methods fail to 
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identify an effect, highlighting the usefulness of this tool as a method to identify genomic 






Porcine Reproductive and Respiratory Syndrome (PRRS) is a highly infectious viral disease 
of pigs with devastating effects on pig production across the world.  It can cause the death of 
piglets before and shortly after they are born. Traditional methods have failed to control the 
spread of the disease leading to considerable interest in breeding pigs that can better cope 
with the disease. This study explores the impact of PRRS outbreak on piglet survival, to 
what extent piglet survival rates of pregnant sows exposed to PRRS is heritable, and which 
region of the genome control these survival rates. 
Information was available from two farms experiencing repeated outbreaks of PRRS. 
Measurements included records for piglet survival at birth and weaning together high density 
genomic information as well as pedigree information, from one of the farms only. 
Combining the data from the two farms gave more accurate estimates of genetic effects of 
sows exposed to PRRS on piglet survival than the individual farm data.  
The data were split into periods during outbreaks and those occurring when disease was not 
apparent. Considerable differences were seen in piglet survival between the periods. 
Moreover, reproductive performance of sows exposed to the PRRS virus was found to be 
highly heritable. Between 5% and 20% of the differences in survival could be attributed to 
being heritable, depending on the survival trait in consideration.  
Several regions of the genome were found to be associated with piglet survival during PRRS 
outbreaks. One of these regions overlapped with a previously identified region associated 
with piglet survival in growing pigs infected with the PRRS virus. Two of the identified 
regions had been previously linked to disease severity in pigs artificially infected with the 
PRRS virus, suggesting that similar genomic regions also influence piglet survival in animals 
infected with the PRRS virus. 
Lay Summary 
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The results of this study imply that the devastating effects of PRRS on piglet survival during 
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 Porcine Reproductive and Respiratory Syndrome  
Porcine Reproductive and Respiratory Syndrome (PRRS) is the most important infectious 
disease challenge for industry worldwide. As the name suggests the disease manifests itself 
through effects on both the respiratory and reproductive systems. Respiratory problems 
mainly affect young pigs resulting in inappetence, lethargy and in some cases death, the 
virus is the most commonly isolated in cases of the polymicrobial diseases; porcine 
respiratory disease complex (Terpstra et al., 1991; Brogden & Guthmiller, 2002). The 
reproductive problems affect pregnant sows and their developing foetuses resulting in 
reproductive losses, mummification of piglets in utero, increased stillbirths and abortions 
(Zimmerman et al., 2003). In some cases a blue discoloration forming on the ears, vulva or 
hind (Nodelijk, 2002; Wensvoort et al., 1991; Zimmerman et al., 2003). It is the most 
economically significant disease affecting pigs, estimated to cost the industry €1.5 billion 
annually in Europe (de Paz, 2015) and $664 million annually in the US (Holtkamp et al., 
2013). PRRS is reputed to be the costliest viral disease in the world (Dekkers et al., 2017), 
however, when direct and indirect costs are considered the HIV pandemic is likely to far 
exceed this (Hutchinson et al., 2006). Whereas for human diseases in many countries 
governments bear much of these costs, for PRRS, the losses are borne by the pig production 
industry. 
Originally identified in the US in 1987 (Rossow, 1998), the aetiological agent of PRRS is the 
Porcine Reproductive and Respiratory Syndrome Virus (PRRSV) (Terpstra et al., 1991; 
Wensvoort et al., 1991). The clinical signs provide the basis of some of the synonyms used 
for the disease including: blue ear pig disease, mystery swine disease; Swine Infertility and 
Respiratory Syndrome (SIRS); Porcine Epidemic Abortion and Respiratory Syndrome 
(PEARS) and Lelystad Virus (LV) (Zimmerman et al., 2003). PRRS and PRRSV are now 
the generally accepted terms for the disease and the virus respectively. The name Lelystad 
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Virus has been retained to refer to a group of strains related to the original virus identified by 
Wensvoort et al., (1991). 
Originally considered a single species of virus, Kuhn et al., (2016) proposed recognition of 
two distinct PRRSV species, Porcine reproductive and respiratory virus 1 and Porcine 
reproductive and respiratory virus 2, following a phylogenetic analysis including eleven, 
previously undescribed, related, simian viruses. Following ratification by the International 
Committee on Taxonomy of Viruses (ICTV), the two separate species were recognised as 
separate members of the family Arteriviridea within the order Nidovirales (Adams et al., 
2016). Subsequently, updates in 2017 created the genus Porartevirus which grouped Lactate 
dehydrogenase-elevating virus, Porcine reproductive and respiratory virus 1, Porcine 
reproductive and respiratory virus 2 and Rat arterivirus 1 (Adams et al., 2017). At the same 
time two similar species, previously considered within the same taxon as PRRSV; equine 
arteritis virus and simian haemorrhagic fever virus, were moved to two new genera 
Equartevirus and Simartevirus respectively (Adams et al., 2017). Viral taxonomy is a 
dynamic subject and is continuously revised, to incorporate updated in silico taxonomic 
information, based on whole-genome sequence data into traditional polythetic taxonomic 
classification based on shared characteristics and ecological niche (Van Regenmortel, 1989; 
Zhang et al., 2012; Kuhn et al., 2016). In recent literature the term PRRSV is still used to 
refer broadly to the viruses of both species, with a distinction provided as necessary (e.g. 
Rahe & Murtaugh, (2017)), a convention that will be used throughout this thesis.  
Earlier phylogenetic analyses of Arteriviridea including lactate dehydrogenase-elevating 
virus (LDV) and equine arteritis virus (EAV) suggested a shared common ancestry between 
the PRRS viruses and LDV (Mardassi et al., 1995; Meng et al., 1995; Murtaugh et al., 1995; 
Nelsen et al., 1999) which is reflected in the new classification (Kuhn et al., 2016; Adams et 
al., 2016, 2017). Whilst the distinction between the two species has always been recognised, 
the viruses were originally defined as two distinct genotypes PRRSV-1 (Genotype 1 or 
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European) and PRRSV-2 (Genotype 2 or North American) (Keffaber, 1989; Wensvoort et 
al., 1991; Nelsen et al., 1999; Kuhn et al., 2016; Adams et al., 2016). The two species are 
genetically distinct with a nucleotide identity between the two of only 55-70% (Allende et 
al., 1999; Nelsen et al., 1999; Lunney et al., 2016).  
PRRSV are enveloped viruses with a single stranded positive sense RNA genome of 
approximately 15 kb (Conzelmann et al., 1993; Spilman et al., 2009). Originally isolated 
from porcine alveolar macrophages (PAMs) (Wensvoort et al., 1991), these viruses primarily 
replicate within cells of macrophage and monocyte lineage with a fairly narrow tropism 
(Wensvoort et al., 1991; Voicu et al., 1994; Duan et al., 1997b, 1997a).   
Methods of horizontal transmission of PRRSV been identified including direct contact 
(Yoon et al., 1993; Albina et al., 1994; Wills et al., 1997) with animal aggression reported as 
a risk factor (Bierk et al., 2001) or sexually transmitted via infected semen (Yaeger et al., 
1993; Gradil et al., 1996; Prieto et al., 1997b). Indirect transmission has also been shown 
through; fomites (Dee et al., 2002, 2003; Pitkin et al., 2009); insect mechanical vectors 
(Otake et al., 2002c, 2003); aerial transmission (Kristensen et al., 2002; Otake et al., 2002a); 
and percutaneously via medical equipment such as hypodermic needles (Otake et al., 2002b). 
Several field studies have proposed aerial transmission as a likely explanation for outbreaks 
(Komijn et al., 1991; Mortensen & Madsen, 1992; Vannier, 1993; Mortensen et al., 2002; 
Zhuang et al., 2002), however such analyses may be unable to resolve confounding of aerial 
transmission with insect mechanical vectors. PRRSV may be detected at distances of up to 
9.1 km from infected farms, with infectiousness of the collected particles confirmed using 
permissive MARC cells (Dee et al., 2009; Otake et al., 2010), similar methods have been 
used to show that the infectiousness of airborne particle can relate to particle size (Alonso et 
al., 2015). Attempts at experimental aerial infection have had mixed results limited to short 
distances though this demonstrates a proof of concept for transmission of the virus by 
airborne means (Torremorell et al., 1997; Wills et al., 1997; Kristensen et al., 2002; Otake et 
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al., 2002a). The virus is sensitive to environmental conditions such as drying, pH ranges 
outside 5-7 and temperatures above 37ºC (Benfield et al., 1992; Bloemraad et al., 1994). 
Stability at lower temperatures may explain the higher incidence of outbreaks in the autumn 
and winter months in the US (Tousignant et al., 2015).  
Following viral entry into the host, the initial target is the PAMs of the pulmonary mucosa 
where entry occurs through receptor-mediated endocytosis (Duan et al., 1998). Models have 
been proposed for viral adsorption, internalisation and the release of the viral genome into 
the cell for subsequent replication (Van Breedam et al., 2010). Studies having shown the 
significance of Heparan sulphate (Jusa et al., 1997), Sialoadhesin (Duan et al., 1998, 
Vanderheijden et al., 2003) and CD163 (Calvert et al., 2007) as receptors for viral entry to 
the cell, for successful and prolific replication. 
Once inside the host the virus employs a number of mechanisms by which it evades host 
immunity, able to affect both the innate and adaptive immune response (reviewed in Loving 
et al., (2015)). Immunosuppression of the host occurs via immunomodulation (Van Reeth et 
al., 1999; Albina et al., 1998; Darwich et al., 2010; Renukaradhya et al., 2010; Yoo et al., 
2010) and inhibition of PAM function (De Baere et al., 2012), leading to increased 
coinfections and high rates of mortality (Thanawongnuwech et al., 2000; Murtaugh et al., 
2002; Renukaradhya et al., 2010). The immune response to PRRSV infection is a 
complicated, if fascinating subject, beyond the scope of this introduction to the PRRSV host-
pathogen interaction, more comprehensive reviews of the subject can be found in Murtaugh 
& Genzow (2011); Amadori & Razzuoli (2014) and Lunney et al., (2016). 
Whilst there is no evidence of differences between PRRSV-1 and PRRSV-2 in the 
pathogenesis of disease in the boar (Han et al., 2013), differences in virulence are observed 
in the sow (Halbur et al., 1996), though both species have been shown to manifest 
respiratory disease and reproductive failure (Pol et al., 1991; Wensvoort et al., 1991; Collins 
et al., 1992; Halbur et al., 1993; Mengeling et al., 1994). It is also observed that differences 
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in the type of reproductive failure (abortion/mummified/stillborn) is dependent on the age of 
sow and the stage of gestation (Zimmerman et al., 2003).  
In the reproducing sow, the mechanisms that lead to reproductive failure have been explored 
but are not fully understood. Experimental infection during early embryonic development (at 
gestation day 7, 14 and 21) detected virus in none of the dead (0/18) and very few of the live 
(4/131) foetuses, recovered by necropsy at 21 days post infection (dpi); despite significant 
mortality in the infected group as compared to the control (Prieto et al., 1996). Considerable 
transplacental transmission was observed following experimental infection at gestation day 
90 in all inoculated sows in Karniychuk et al., (2011), however histopathological lesions 
indicative of PRRS pathology were absent in organs from necropsied foetuses. Using 
TUNEL (a fluorochromic staining technique to identify DNA damage associated with 
apoptosis) evidence was seen of significantly greater levels of apoptosis in the implantation 
sites at the foetus/maternal interface in infected sows. It is proposed in Karniychuk et al., 
(2011, 2012) and Karniychuk & Nauwynck, (2013) that foetal death may not occur as a 
result of active infection in the foetus but as a result of apoptosis in the implantation sites and 
detachment from the uterine wall. Transplacental transmission from sow to foetus following 
infection of the sow at gestation day 85 was shown in (Ladinig et al., 2014d, 2015a, 2015b). 
Viral infection of the foetus and levels of virus at the maternal interface were significant 
predictors of foetal death (Ladinig et al., 2015a). A further analysis of dead and aborted 
foetuses from PRRSV outbreaks on farms in Thailand suggested that the risk of virus being 
detected in the foetus differed with the age of the foetus at death (the size of mummified 
piglets used to infer the age at which they died), though this effect was not significant in the 
89 piglets analysed (Olanratmanee et al., 2015). PRRSV has been also been isolated from 
ovarian tissue and ovarian follicles though this has not been associated with decreased levels 
of reproductive success (Prieto et al., 1997a, 1997b; Sur et al., 2001). The correlation 
between risk of foetal death and detectable virus in the foetus has led some to challenge the 
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idea that foetal death occurs as a result of focal detachment (Lunney et al., 2016). It is 
possible that foetal death occurs as a result of direct infection of the foetus though other 
explanations for the observations could be; different mechanisms causing death at different 
stages of development or, more likely, more developed foetuses later in gestation, surviving 
just long enough following endometrial infection to permit infection and viral replication 
within the foetus.  
Whilst the mechanisms behind PRRSV related reproductive failure may remain unclear, 
studies have demonstrated the usefulness of measures of reproductive failure as an indicator 
for disease (Nodelijk et al., 2003; Schukken et al., 1992). 
 Approaches to Tackling PRRS 
The pig industry has a number of options to tackle PRRS depending on the type of farm 
being managed, biosecurity and health status, the frequency (or risk) of PRRSV outbreaks, 
the age group and flows of pigs and/or semen onto the farm and the aims of the strategy 
(eradication or management). Several methods are commonly used to tackle a PRRSV 
outbreak: remove all animals from the farm (depopulation), disinfecting all the facilities and 
repopulating with high health animals (depop/repop); multi-site isowean facilities (a method 
of isolating the weaning animals on separate sites) (Whiting & Pasma, 2008); implementing 
a selective approach to the removal of animals based on age and direct PRRSV testing, 
medicating against bacterial infection1 and replacement of stock with high health animals 
(also known as the Plomgaard Method) and vaccination strategies with either conventional 
commercial or autogenous vaccines (Dee et al., 1993; Harris, 2000; Linhares et al., 2015; 
Murtaugh & Genzow, 2011). All these methods require herd closure or acceptable losses and 
                                                     
1 Whilst treatment with antibiotics will have no direct effect on viral infection, including PRRSV 
infection, it may reduce the impact of opportunistic co-infections with bacterial pathogens which are 
often the causes of losses in PRRS outbreaks. 
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are therefore costly to implement and are not able to confer sustained protection to 
subsequent PRRSV outbreaks. 
Attempts to develop a comprehensive vaccination strategy to combat PRRS have had limited 
success, with several issues affecting the efficacy of vaccine only control strategies. 
Vaccine-mediated eradication approaches rely on stimulating the production of Neutralising 
Antibodies (NAb) which confer protection against heterologous strains (Burton, 2002). 
Currently available vaccines only confer limited cross protective immunity against 
heterologous viral challenge (Zuckermann et al., 2007; Dwivedi et al., 2011; Vu et al., 2011). 
The inability of animals to produce cross protective immunity to heterologous PRRSV 
infection is thought to occur due to the diverse pathology of the virus including suppression 
of innate immunity, shielding of NAb targets and rapid evolution leading to extensive 
genetic variation of quasispecies (Meng, 2000; Butler et al., 2014). A further risk or problem 
arises from the use of modified live vaccines as the vaccine strain may revert to virulence 
and result in a PRRSV outbreak (Storgaard et al., 2001). One pragmatic autogenous 
vaccination strategy used in some countries involves collecting serum from adult animals 
currently on farm and using a pool of such sera to vaccinate replacement females imported to 
the farm.(Zimmerman et al., 2003) 
Given the costs of managing the condition, inconsistencies in instigating a protective 
immune response to PRRSV and absence of an eradication strategy, farm management of the 
PRRS risk requires a multifaceted approach incorporating a range of approaches (Lunney 
and Chen, 2010). As discussed below, there is evidence for genetic variation in response to 
PRRSV infection. Thus, it has been argued by the late Professor Stephen Bishop and others 
that there may be opportunities to identify host genotypes that are less susceptible to PRRSV 
or its effects. as a contribution to controlling PRRS (MacKenzie & Bishop, 1999; Davies et 
al., 2009; Lunney & Chen, 2010). More recently, reverse genetic approaches, in which gene 
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editing of genes encoding molecules involved in viral entry and genome release, have also 
been explored as means to control PRRS (Whitworth & Prather, 2017) 
 Genetic Improvement of Livestock 
Selecting for traits of interest in animals and plants (whether actively or passively) is a 
striking outcome of human interaction with other species this has resulted in the 
domestication of a range of animals; including the domestic pig, Sus scrofa domesticus 
(Diamond, 2002). Following the development of agriculture and a greater understanding of 
the patterns of inheritance specific tools have been developed to improve the efficiency of 
the selection process. Fisher, 1918 first coined the term “Variance of the normal population” 
highlighted the desirability of identifying the “constituent causes fractions or percentages or 
percentages of the total variance” and related this to patterns of Mendelian inheritance. The 
most widely used tool for assessing an individual’s merit with regards to trait variance, is 
Best Linear Unbiased Prediction (BLUP) (Henderson, 1949, 1950, 1973). Traditionally this 
technique brings together information about the traits of interest (the phenotype) with 
information about how animals are related; to calculate the genetic merit or estimated 
breeding value (EBV) of the individuals with regards to the trait(s) under consideration. 
Using BLUP EBVs can be estimated for animals without direct phenotypic measures based 
solely on their relationship to phenotyped individuals (Henderson, 1977). Several models can 
be used in establishing breeding values, however I will focus on the animal model used 
throughout this thesis. In the animal model, traditionally, a pedigree is used to calculate a 
matrix representing two times the coefficient of co-ancestry for all animals in the pedigree 
also called the additive genetic (or numerator) relationship (A) matrix. This A matrix, fitted 
as a random effect incidence matrix in a linear mixed model, estimates variance in the 
breeding values or additive genetic variance (σ2A) with a remaining residual error or 
environmental variance (σ2E) (Lynch & Walsh, 1998). The sum of the two variances (σ2A + 
σ2E) gives the phenotypic variance (σ2P) and the ratio of the additive genetic variance to the 
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phenotypic variance provides an estimate of narrow sense heritability (h2) (Falconer & 
Mackay, 1996). Heritability is important in both selective breeding and evolution as this 
proportion of variation is controlled by additive genetic factors and thus is the component 
which may be exploited by both natural and artificial selection processes. The change in trait 
mean in one generation (ΔZ) is described in the breeder’s equation as the product of narrow 
sense heritability (h2) and the selection differential (S) (Lush, 1937). The selection 
differential, or fitness advantage conferred by the trait, can be controlled in selective 
breeding by selecting the animals contributing to subsequent generations, i.e. parents. 
The additive relationship matrix is based on the concept of identity-by-descent (IBD), the 
probability that alleles across the genome are inherited from a common ancestor (Wright, 
1921, 1922). More recently tools have been devised to incorporate molecular genotypes as 
assayed using SNP (single nucleotide polymorphism) chips and use identity-by-state (IBS) to 
calculate a genomic relationship matrix (GRM or G matrix) which can be used in place of, or 
alongside, the A matrix (VanRaden, 2007) in genomic best linear unbiased prediction or 
GBLUP. 
Further tools have been developed to localise these heritable effects to regions of the 
genome. These tools use the marker genotypes (e.g. SNP genotypes) as an indication on the 
effects associated with that region based on linkage. Based on the work of Morgan (1911) 
linkage reconciles observations of coinheritance with the much earlier theory of the 
segregation and random assortment of genes (Mendel, 1865). The degree of linkage in a 
region can be assessed by measures of linkage disequilibrium (LD). LD describes the 
frequency with which alleles at separate loci on the genome are non-randomly coinherited 
(Lewontin & Kojima, 1960). Methods of quantifying LD vary though one of the most 
commonly used methods in population based studies is the squared coefficient of correlation 
(r2) ranging from 0 (no correlation) to 1 (perfect correlation). This method provides a 
standard means of comparing LD between loci (Weir, 1979). 
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These core concepts in genetics have been developed into highly successful tools for probing 
the genome to identify areas associated with variance in given phenotypes. One such 
method, genome wide association (GWA) analysis has become an increasingly popular 
method by which the relationship between phenotype variance and variation in genotypes 
can be correlated. This tool can be used to identify Quantitative Trait Loci (QTL), specific 
variation of the genome which explain variance in the phenotype of interest. The variant in 
the genome with an effect, cannot be said to be necessarily causal, but by virtue of linkage 
can provide a useful indication of areas for further study or selection. The presence of 
linkage allows large sections of the genome to be scanned for effects without the need for all 
potential polymorphisms in the genome to be genotyped (Zondervan, 2011).  
The use of genomic tools to asses and ascribe fitness has given rise to the development of 
genetic methods for the selection of animals in breeding programmes, such as marker-
assisted selection (MAS) and genomic selection (GS). In MAS, the selection candidates are 
screened for the genetic variant(s) with effects identified using association methods. This can 
be used with breeding values for other traits of interest, either in tandem or using an index 
ascribing a value to the genetic variant(s) of interest (Dekkers, 2004). In genomic selection 
animals with both phenotype records and genotype data (the training population, reference 
population or predictor population) are used to calculate genomic estimated breeding values 
(GEBVs) for selection candidates (the validation population or predictant population) based 
solely on their genotypes. In the training population marker effects are calculated based on 
the reference population using association methods; in the validation population the 
individual's GEBVs are estimated based on the sum of the effects of their markers 
(Meuwissen et al., 2001; Hayes et al., 2009b). This process is called genomic prediction and 
relies on LD between the markers and mutations responsible for trait variance (Goddard & 
Hayes, 2007). 
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Genomic selection, in addition to improved accuracy offers additional advantages. Given it 
is not necessary to have direct measures of phenotype in selection candidates, the choice of 
animals as future parents can be made earlier, genetic merit can be estimated for both sexes 
for traits only expressed in one (i.e. milk production) and traits can be evaluated in live 
animals that could only be assessed post-mortem or later in life (certain carcass traits or 
degenerative conditions) (Hayes & Goddard, 2010). This approach would also be the 
preferred method of estimating genetic merit in disease resistance given it is undesirable to 
directly challenge selection candidates for introduction into high health genetic nucleus 
herds. 
Successes has also been made using gene editing technology to modify pigs for resistance to 
PRRSV (Prather et al., 2013; Whitworth et al., 2015; Burkard et al., 2017; Wells et al., 
2017; Whitworth & Prather, 2017). This approach has been used to try and block infection at 
the viral entry stage by deleting or modifying the genes encoding the molecules involved in 
viral binding, entry and genome release. The initial target was sialoadhesin (CD169), but 
pigs lacking CD169 remained susceptible to PRRSV infection (Prather et al., 2013). More 
recently, the focus has switched to the CD163 gene on chromosome 5 (SSC5) that encodes a 
p155 or haptoglobin scavenger receptor which has been shown to be involved in facilitating 
the release of the PRRSV genome. The results from three studies have been published. In the 
first study, the CD163 gene was disrupted or deleted using the CRISPR/Cas9 system 
(Whitworth et al 2015). The resulting edited pigs were resistant to infection with PRRSV.  
The other two studies have focused on exon 7 that encodes cysteine-rich domain 5 (SRCR5) 
one of nine extracellular scavenger domains (Burkard et al., 2017; Wells et al., 2017). While 
CD163 has been implicated in a broad range of immunological functions, the SRCR5 
domain has not been implicated in any of the functions associated with the receptor (Van 
Gorp et al., 2010; Burkard et al., 2017). Cells from pigs in which exon 7 has been excised 
using CRISPR/Cas9 tools have been shown to be resistant to infection with both PRRSV-1 
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and PRRSV-2 and to retain some of CD163’s potential important functions (Burkard et al., 
2017). Whilst there is no biological function currently associated with SRCR5 further work 
will be needed to characterise the effects of this deletion in-vivo under field conditions. In 
contrast, replacing the pig CD163 exon 7 with the homologous sequence from the human 
CD163L1 gene did not result in PRRSV resistance (Van Gorp et al., 2010; Wells et al., 
2017).  
While the success in gene editing offers a huge opportunity from a commercial perspective, 
the regulation of edited animals is unclear and the public debate on their acceptance is still 
ongoing (Hoyos-Flight et al., 2017). Whether existing regulatory definitions of genetically 
modified organisms (GMOs) apply to organisms edited using CRISPR/Cas9 technology is 
still unknown (Hartley et al., 2016). In the UK, given the lack of regulatory guidelines on the 
use of gene edited animals; political debate is likely to delay bringing any viable product to 
market. This issue will vary between jurisdictions. 
 Selecting for Health Traits in Response to Disease 
The traits to use for the genetic improvement of the health of livestock in response to disease 
have been widely debated. Typically, two terms are used for describing two conceptually 
different manners in which the effects of a specific pathogen are mitigated; that of resistance 
and tolerance. Resistance is generally accepted as the ability of the host organism to limit 
pathogen burden or indeed infection. Whereas tolerance is performance despite pathogen 
burden (Albers et al., 1987) or, mathematically; the slope of the regression of performance 
on disease burden (Simms & Triplett, 1994; Bishop, 2012). The wider term resilience maybe 
used to describe performance both in the presence or absence of disease challenge. Models 
have shown that selection for resistance with respect to PRRSV should reduce the impact 
and frequency of PRRSV infections (MacKenzie, 1999; Bishop & MacKenzie, 2003). 
Though whether to select for resistance or tolerance traits is a much-debated issue. 
Resistance may offer advantages, in that potentially only a proportion of the animals need to 
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exhibit total resistance in order to confer herd immunity to the group (MacKenzie & Bishop, 
1999). Whilst this reduction in pathogen reproduction reduces the opportunity for the 
pathogen to evolve to overcome the resistance mechanism; the emergence of pathogen 
genotypes that could circumvent the host resistance mechanism could still occur in other 
(non-resistant) populations. The functional basis of resistance is of considerable importance 
to the risk of the pathogen overcoming resistance mechanisms with regards to the 
opportunities available for such (Bishop & Woolliams, 2014). Selecting for multiple 
resistance mechanisms could help alleviate any risk (Bishop & MacKenzie, 2003). Outbreak 
type and prevalence also affect the merits of selecting for tolerance or resistance, endemic 
diseases or  diseases in which the pathogen replicates in reservoirs of other species, will 
benefit from selection for tolerance given the ubiquitous nature of the pathogen, however the 
cost benefit ratio will be low if the disease is of a low prevalence (Bishop & MacKenzie, 
2003; Bishop & Woolliams, 2014).  
Finally a broader, concept or robustness may be applied to improved performance across 
external stressors (whether pathogenic or environmental) (Knap, 2005). In this wider context 
of improving performance it may be advantageous in a field setting to consider performance 
across sources of stress (Archibald et al., 2008).  
Genetics of variation of response to disease is increasingly being exploited in breeding 
programmes. One of the earliest programmes to produce a resistant line commenced in 1987 
on Australian Merino sheep for resistance to nematode infection. This selection was 
conducted using traditional methods on phenotypic mean to 1991, followed by BLUP. 
Comparing the line selected on the faecal egg count trait (Rylington) to a line where 
selection was not used a 2.7% annual genetic gain was realised in terms of improvement to 
mean herd EBV (Karlsson et al., 2006).  
Success has also been reported in control of Scrapie in sheep. Amino acid substation variants 
at three positions in the prion protein (PrP) gene (codon 136, 154 and 171) were strongly 
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associated with Scrapie susceptibility; identifying both a highly susceptible and a completely 
resistant variant (Baylis et al., 2004). Widespread programs to limit the susceptible 
genotypes in the breeding stock were implemented throughout Europe and North America, 
including the National Scrapie Plan for Great Britain (Dawson et al., 2008). A review of the 
National Scrapie Plan for Great Britain addressed concerns regarding increases in inbreeding 
and the effects of the favourable genotype on performance, concluding that selection was 
feasible and should reduce the impact and frequency of scrapie outbreaks (Dawson et al., 
2008). These benefits were demonstrated in a subsequent analysis on the impact of the Dutch 
breeding programme which selected for resistant rams which found, not only a reduction in 
prevalence as direct result of selective breeding, but also indirect reductions in the remaining 
susceptible population (Hagenaars et al., 2010). Compared to other communicable diseases, 
the pathogenesis of prionic diseases may suggest different underlying host genetic liabilities, 
however; as a communicable infection similar, epidemiological factors will be applicable.  
A further success in controlling disease using selection methods has been reported for 
Infectious Pancreatic Necrosis (IPN) in salmon. Studies on IPN, a viral disease of Salmonids 
identified a major single QTL in the Atlantic salmon explaining between 80 and 100% of the 
observe genetic variation in resistance traits (Houston et al., 2008; Moen et al., 2009). Given 
the simple nature of the single allele found, it was suitable for use in MAS to select for this 
resistant allele. Following MAS and widespread use of the selected animals in Norway 
reductions of 75% were observed in the number of outbreaks in the three years following the 
introduction of the selected genetic line (Moen et al., 2015).  
More recently a new breeding index was released to improve bovine Tuberculosis (bTB) 
outcomes in cattle. ‘TB Advantage’ was created in a collaboration between the  University of 
Edinburgh, Roslin Institute and Scotland’s Rural College (SRUC). (The Veterinary Record, 
2016; Winters, 2016). This index combines pedigree information from bulls with offspring 
on bTB challenged farms with pedigree selection methods to calculate a genetic index with 
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 Genetic Variation in Response to PRRS 
The genetic improvement of animals for PRRSV response relies on the existence of heritable 
variation of response to PRRSV infection. This has been identified in a range of studies 
exploring resistance, tolerance and resilience type traits. Understanding the variance of 
response to PRRSV is important to understanding the variance which can be attributed to 
underlying genetic differences. 
Several in vivo challenge experiments have found significant differences between breeds and 
genetic lines in the variance of clinical signs and pathological response associated with 
infection with PRRSV (Halbur et al., 1998; Christopher-Hennings et al., 2001; Petry et al., 
2005; Vincent et al., 2006; Doeschl-Wilson et al., 2009; Reiner et al., 2010). Petry et al. 
(2007) reported patterns of differential expression of immunological markers between the 
highest and lowest respondents by rank. In vitro studies have also demonstrated differences 
between breeds in the susceptibility of immune cell models to PRRSV both in terms of the 
relative numbers of monocyte derived macrophages infected (Vincent et al., 2005) and 
replication of the virus in PAMs (Ait-Ali et al., 2007). 
Measures of reproductive success/failure is an easily measurable, quantitative trait, measured 
as part of normal business-as-usual activity on farms. As widespread testing for the presence 
of PRRSV as part of rigorous biosecurity protocols on farms, reproductive data in the 
presence and absence of PRRS is available representing a useful source of data on 
reproductive performance in response to disease. 
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Reproductive failure in response to PRRSV infection is well characterised both 
experimentally and under field conditions (Nodelijk et al., 2003). It is concluded by 
Schukken et al., (1992) that reproductive performance is an informative quantitative measure 
for the statistical analysis of PRRS. Case control studies showing a significant association 
with PRRSV seroconversion and aberrant reproductive outcomes (Nodelijk et al., 2003). The 
same study reported that impacts on herd reproductive performance maybe observed during 
epidemic type outbreaks, though these are not apparent when the disease is endemic within 
the herd.  
Several studies conducted on reproductive record data are reported in Lewis et al., (2009b, 
2009a, 2009c). The authors investigated the variance of PRRSV response in terms of 
reproductive outcomes in a Chinese multiplication unit, the data for which, forms part of the 
data used in this thesis.  
The population from which the field data were obtained experienced two PRRS outbreaks 
and the data were partitioned using two methods a threshold method and a date method. 
Using the threshold method, the mean mummified piglets per litter on a rolling basis per day 
was calculated and the 99% CI of a baseline (PRRS free period) used to partition dates when 
the trend was above this threshold. Litters farrowing in periods above this threshold were 
partitioned into a disease phase. A second parallel method, the date method, was also used to 
define disease phases using the month in which infection was confirmed using ELISA 
(Lewis et al., 2009b).  
Significant differences in reproductive outcomes were demonstrated by sow line and parity. 
Estimates of least squares means by parity observed a non-systematic parity effect, though 
parities 1-5 experienced greater losses than parities 6+. Partitioning the animals into Chinese 
derived lines (with generally larger litters with lower growth rates) and European lines (with 
generally smaller litters and higher growth rates) suggested any improvements in terms of 
litter size using Chinese breeds maybe lost under PRRSV challenge (Lewis et al., 2009a).  
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Heritability was estimated over a range of reproductive traits in data partitioned under both 
methods (Lewis et al., 2009b). The analysis by Lewis and colleagues found greater contrast 
between non-disease and disease phase data using the threshold method which consistently 
demonstrated a higher heritability in disease phase for traits associated with the clinical signs 
of PRRS (numbers of mummified, dead, and weaned piglets per litter and the number of 
services required for a successful mating). Using a logistic regression approach heritability 
was also estimated representing these four quantitative traits as binary traits with a threshold 
of >1 to distinguish the afflicted and unafflicted condition. A similar difference is observed 
in the heritability estimates using the binary analysis between disease and non-disease 
phases, higher disease phase heritability estimates were observed in the binary trait analysis. 
These results demonstrate that the genetic merit of animals in terms of reproductive 
performance may be used to mitigate some of the effects associated with PRRSV outbreaks. 
However, there is a potential source of bias in the inaccurate classification of afflicted and 
unafflicted animals. 
The first published GWA analysis for PRRS disease traits is given in (Lewis et al., 2009c) 
using a custom 7K SNP chip on the disease phase data. Eleven SNPs were presented as 
showing genome wide significance throughout the genome. The percentage of the total σ2A 
explained by the SNP variance (σ2SNP) was between 4.7% and 0.1% of the total baseline 
estimates. The locations of the four mapped associations presented were SSC1 (98.3 Mbps) 
SSC4 (92 Mbps), SSC4 (91Mbps) and SSC14 (28.5Mbps) (Lewis, 2008). [Note these 
genome coordinates refer to an earlier version of the pig reference genome sequence, i.e. 
prior to the published draft Sscrofa10.2]. 
The US PRRS host genetics consortium (PHGC) conducted 14 experimental infection trials, 
see Lunney et al. 2011 for the full experimental protocol. In each trial between 109 and 507 
animals from the same or similar genetic backgrounds were experimentally infected with one 
of two PRRSV strains; NVSL-97-7895 or KS-2006-72109 (characterised in Ladinig et al. 
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2015). Animals were experimentally infected intranasally and intramuscularly with PRRSV, 
and animals were weighed and blood samples were collected at regular intervals for a period 
up to 42-day post-infection (dpi). Blood samples were assayed for viremia using a RT-PCR 
(reverse transcriptase - polymerase chain reaction) assay for the presence of PRRSV RNA. 
An inconsistency was observed in the viremia profiles of some animals (log10(viremia) over 
time). For some animals after 21 dpi, once viremia had peaked and viral clearance had 
begun, some animals exhibited a second viremia peak, termed rebound. Using Bayesian 
inference three statistically different viremia profiles were identified: cleared (unimodal and 
undetectable at 42 dpi), persistent (transient detectable levels of virus at 42 dpi) and rebound 
(biphasic, two peaks within the 42-day experimental period) (Islam et al., 2013). These were 
modelled on the Wood’s curve (used to model lactation in dairy herds), for biphasic viremia 
the Woods curve model was extended to accommodate a second peak. When the extended 
model improved fit (CI>95%) animals were considered biphasic and the extended model 
used. Whilst the persistent condition could be predicted based on viremia 0-21 dpi, rebound 
could not, which could indicate that the rebound condition was triggered by an event 
unrelated to gross levels of circulating virus (such as viral mutation). Animals exhibiting 
persistence were found to have higher levels of cross-protectivity to homologous strains of 
the virus (Islam et al., 2013).  
Subsequent sequencing of rebound virus quasispecies found a high degree of variability in 
open reading frame (ORF) 5, as a result of negative selection (dN/dS ratio). A smaller 
number of residues showed positive selection. These results suggest that escape mutants are 
a key component of the generation of quasispecies in the host, that adaptive immunity is 
likely to play an important role in the diversification of the virus in vivo. The small amount 
of positive selection indicates a potential for the genetics of host adaptive immunity in viral 
diversification, and as such, control (Chen et al., 2016). 
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The genetic analysis of the results from PHGC trials 1-3 is presented in Boddicker et al., 
2012; with further validation work in trials 1-5 in Boddicker et al., 2014b and using trials 1-9 
in Boddicker et al., 2014a with isolate NVSL 97-7895. The two traits explored were viral 
load (area under the curve of log10(viremia) by time) truncated after 21 days (before rebound 
is observed) and weight gain up to 42 days. High/moderate levels of heritability were 
estimated over the 12 trials for viral load and weight gain at 0.44 (s.e. 0.13) and 0.29 (s.e 
0.11) showing a strong negative genetic correlation at -0.46 (s.e. 0.20). The h2 of rebound 
estimated for trials 1-3 was very low or ~0.  
A single 0.5 Mbps region on SSC4 identified in Boddicker et al., (2012) consistently showed 
a significant association across trials with both weight gain and viral load. Six SNPs within 
this region show high levels of LD. A single SNP (WUR10000125) was found to fully 
capture the effects of this region with the SNP variance explaining 15% and 11% of the total 
genetic variance for viral load and weight gain respectively (Boddicker et al., 2012, 2014b, 
2014a). Differential expression analyses showed significantly higher expression of GBP5 in 
heterozygotes containing the favourable WUR10000125 B allele as compared to the AA 
genotype at multiple time points over the experimental period. The guanylate binding protein 
(GBP) gene family is located on SSC4 in the region identified in the GWAS analyses. This 
region of the draft reference genome sequence (Sscrofa10.2; (Groenen et al., 2012)) is 
poorly resolved. Sequencing of the GBP5 gene found a premature stop codon associated 
with the A allele, leading to the production of a truncated and inactive protein (Koltes et al., 
2015). It is proposed by Schroyen et al., 2016 that the complete GBP5 protein inhibits viral 
internalisation and replication and that the incomplete protein (i.e. the form associated with 
unfavourable WUR10000125 A allele) loses this ability. Macrophage levels of GBP5 having 
been shown to have a strong inverse correlation with HIV-1 viral levels (Krapp et al., 2016).  
The genetic analysis on trails using KS-2006-72109 is presented in Hess et al., 2016. This 
analysis also incorporated Wood’s function parameters to both estimate viral load as a trait 
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and consider key features of the viral load profile across all 15 trials. From the measures of 
viremia profiles fitted using the Wood’s curve, values of peak viraemia, time to peak 
viraemia, maximal decay rate and time to maximal decay rate were estimated, enabling a 
more comprehensive assessment of viraemia over time. Daily weight gain was interpolated 
using random regression and the effect of the WUR10000125 genotype was also considered. 
Weight gain and viraemia profiles compared between isolates, suggest that NVSL-97-7895 
is more virulent than KS-2006-72109 as indicated by higher peak viraemia, earlier time to 
peak viraemia and slower growth rate, however virus clearance happened earlier (time to 
maximal decay rate) and quicker (maximal decay rate) and persisted longer (higher viraemia 
at 42 dpi) in KS-2006-72109. Estimates of heritability were again generally moderate/high. 
For viral load, peak viraemia and weight gain, genetic correlations were high between 
strains, suggesting variance in these traits is cross-protective with regards to strains of 
differing levels of pathogenicity.  
A further study using farm data from reproducing sows during a confirmed PRRS outbreak 
is reported by Serão et al., 2014. Traits used included reproductive outcomes and PRRSV Ab 
ELISA sample-to-positive (S/P) ratio  ELISA is a colorimetric assay for identification of a 
test substance, in which an antibody/enzyme conjugate is adhered to a sample and the 
coloured enzyme product measured using optical absorbance. S/P ratio is the ratio of the 
mean sample optical absorbance (above a negative control) to a mean positive control optical 
absorbance (above a negative control) providing an indication of amount of test substance in 
the original sample. The sample used was blood drawn from animals on a single day during 
the height of the epidemic, in addition to the litter records of sows. Litters were partitioned 
according to the rolling trend method in Lewis et al., (2009b) into pre-PRRS phase and 
PRRS phase and the phases analysed separately. There were 4,702 litters farrowed during the 
pre-PRRS phase and 525 litters in the PRRS phase. Heritability was estimated using 
pedigree information and Restricted Maximum Likelihood (REML) used to investigate the 
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effect of the WUR10000125 genotype on trait variance. GWA analysis was conducted using 
the Bayes B method, fitting a mean preadjusted (for fixed effects) residual by animal used to 
account for multiple records. Associations were reported as % variance explained by the 
markers in 1Mbp regions, compared to variance explained by all markers. Regions 
explaining >5% of the total marker genetic variance, within 2 Mbp, were combined and the 
analysis rerun to consider the wider area in which the QTL could lie. Candidate SNPs were 
then selected on the basis of the percentage of the regional genetic variance that the 
individual SNPs explained. Heritability estimates using the pedigree for reproductive traits 
were similar to those reported in the literature for pre-PRRS phase, low for loss traits and 
low/moderate (0.08) for number born alive. Estimates varied in disease phase from low (0.01 
s.e. 0.01 for farrowing to weaning mortality) to low/moderate (0.12 for number born dead) 
for reproductive traits. Estimates were moderate/high for ELISA S/P (0.45 s.e. 0.13). 
Slightly lower estimates of heritability are reported in disease phase than the pedigree based 
estimates presented in Lewis et al., 2009b in an independent dataset. Genetic correlations 
were high between reproductive traits but low between S/P ratio and the reproductive traits. 
No effect was indicated in the PRRS phase for the WUR1000125 genotype, though several 
regions in association with traits were presented. In total, 7 discrete regional associations are 
presented. One on SSC1 at ~32 Mbps explained 11% of Stillborn total marker variance and 
0.81% of total marker variance in farrowing mortality percentage. A further 6 regions 
explained between 0.67% and 25.15% of ELISA S/P ratio trait variance. A region on SSC7 
between 24–30 Mbp explained the largest amount of total marker variance and contained the 
major histocompatibility complex II gene cluster. A further region on SSC7 downstream 
(128–129 Mbp) explaining 15.73% of the total marker variance.  
Further characterisation and validation of the two SSC 7 regions explaining the most total 
marker variance in Serão et al., (2014) was conducted in Serão et al., (2016). In this analysis 
between 204 and 368 high health PRRSV naïve gilts from 7 different genetic sources were 
Introduction and Literature Review 
29 
monitored before, during and after acclimation on 23 commercial farms with high levels of 
disease challenge (gilt acclimation data). Methods of exposure to PRRSV varied according 
to the destination in terms of the use of vaccination strategies (used in 18/23 of the farms) or 
natural infection. These data were used in conjunction with those presented in Serão et al., 
(2014) (challenge data). The animals were genotyped and ELISA S/P ratio at the end of 
acclimation obtained. This study used the same GWAS methodology for the identification of 
regions with a genomic selection cross validation conducted, predicting the breeding value of 
animals from each genetic source (the validation dataset) using animals from the remaining 
six (the training dataset). Repeating the process such that each source was used as the 
validation dataset. Predictions were always made on contemporary groups where 100% of 
animals show strong ELISA results, though contemporary groups with a lower proportion 
were explored for their accuracy as the training dataset. Heritability estimates were lower 
when estimated on datasets from contemporary groups showing a lower proportion of strong 
sample to S/P. The highest estimate of heritability was seen using the genotype information 
with challenge data, which was slightly higher than that previously reported using the 
pedigree at 0.54. Whilst lower estimates of heritability are to be expected with reduced 
pathogen exposure (Bishop & Woolliams, 2010), given the different methods by which the 
sows were exposed, prevalence cannot be inferred from the frequency of strong ELISA 
responses. Low to moderate cross validation accuracies were reported across the analyses. 
The highest accuracy reported was when the SNPs in the training and validation method 
were limited to the 2 QTL regions on SSC7, conversely the lowest accuracies were reported 
when using the remaining genotypes (excluding QTL regions). SNPs in the MHC QTL 
(accuracy 0.39 for outbreak data and 0.31 for gilt acclimation data) performed better than the 
region downstream (0.34 for outbreak data and 0.25 for gilt acclimation data). A large 
proportion of the genetic variance in PRRSV antibody production was captured by these two 
regions. Whilst differences were seen between the gilt acclimation study and the farm 
outbreak data there were some notable differences between the conditions of exposure 
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(natural/vaccinated), variation in the time of exposure/vaccination and time the ELISA 
sample was taken (26 to 103 days). Despite the MHC region explaining between 20% to 
25% of the total marker variance in this analysis, its suitability for improvement of the host 
to disease outcomes is questionable. Low genetic correlations were seen between 
reproductive trait and ELISA S/P in the original study suggesting that higher immune 
response is not conferring protection in terms of reproductive outcomes. Some studies have 
argued that diversity in the MHC genes assists in the range of pathogens recognised by the 
immune system (Sommer, 2005) with evidence of overdominant selection for MHC II 
diversity (Hughes & Nei, 1989). Selection on the MHC II gene would reduce genetic 
diversity and may therefore effect the repertoire of immune gene variants to identify other 
pathogens. While for some avian species reduced variation in MHC genes does not appear to 
have affected fitness (Gangoso et al., 2012) understanding of the protective role of MHC 
diversity across pathogens is not complete (Ellis & Hammond, 2014).  
Given the snapshot of antibody response taken at one day, and the dynamic nature of disease 
outbreaks it is possible that some variance in antibody response could arise due to variation 
in the time each sow was infected. Several studies (reviewed in Adamo, 2004) have 
suggested that caution should be exercised when using antibody titre as an indicator of 
disease resistance, tolerance or resilience. 
A direct challenge experiment on reproducing sows was also conducted in (Ladinig et al., 
2014d). One hundred and thirty-three high health purebred Landrace sows were selected, 
oestrus was stimulated, synchronised and the sows were inseminated, (re-inseminated as 
necessary) and conception confirmed. Sows were assigned to an infection or control group, 
housed separately and infected intranasally and intramuscularly with PRRSV isolate NVSL 
97–7895. Daily observations were made, rectal temperature taken and whole blood samples 
collected. At 21 dpi (~106 gestation days) the animals were euthanised and necropsied. The 
entire reproductive tract was removed, plus additional tissue samples and the position of 
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each foetuses and its preservation status documented. Five preservation statuses were used: 
viable (alive, normal appearance and colour), meconium stained (alive, tan staining, thick 
brown amniotic fluid), decomposed (dead, no blood in umbilical, generally not discoloured), 
autolysed (dead, no blood in umbilical, generally discoloured) and mummified (<20cm, 
dehydrated). Given mummified piglets die <35 days of gestation (Christianson, 1992), prior 
to infection in this study, mummified piglets were removed from the analysis. Less than 1% 
of meconium stained foetuses were found in the control group compared to 9% in the 
infected group, it was therefore considered a PRRS associated pathology and probable that 
these animals would either not survive to term or die shortly after farrowing. From the 
phenotypic and immunological measures several correlations were found: a significant 
association was observed between birthweight of piglets and the birthweight of parent sow, 
though no significant differences were observed in the levels of virus, cytokines or in the 
clinical signs used in the study between low birthweight and high birthweight piglets 
(Ladinig et al., 2014a); significant differences were observed in leukocyte profiles (Ladinig 
et al., 2014b) and cytokine profiles (Ladinig et al., 2014c) correlated with both viral load and 
foetal mortality.  
A genome wide association study conducted on foetal characteristics based on these data is 
presented in Yang et al., (2016). Two binary traits were analysed; foetal death (dead at the 
time of necropsy) and foetal viability (categorised as viable at the time of necropsy). Two 
continuous traits were also analysed: viral load in the thymus and viral load in the 
endometrium. GWA analysis was conducted using least absolute shrinkage and selection 
operator (LASSO) with permutation analysis (×1000) used to calculate empirical experiment 
wide p values. No association was identified in the region of the major SSC4 QTL identified 
in Boddicker et al., (2012) nor in the region on SSC7 explaining a high proportion of the 
total variance in ELISA S/P ratio identified in Serão et al., (2014). Comparing the locations 
of the QTL identified in the animal QTL database (Hu et al., 2005) cross over was found 
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with previously reported loci for disease resistance/susceptibility traits, cytokine and 
leukocyte profile. 
 Aims of this Research 
With respect to deriving a robust approach to genetic improvement of the domestic pig to 
PRRSV infection there are a number of questions which remain unanswered with respect to 
the genetics of host response. Whilst a major QTL for PRRSV resistance has been identified 
on SSC4; studies using reproducing sows have failed to identify any effect in this region on 
reproductive losses. Given that piglet mortality reflects the highest component of financial 
exposure faced by the pig industry (Holtkamp et al., 2013) it is unclear as to whether genetic 
variation in this region could mitigate substantial amounts of the economic losses associated 
with PRRS.  
Whilst a number of groups have investigated the distribution of PRRS related traits 
throughout the genome, the results of these findings have been inconsistent with relatively 
little cross over in the position of the loci identified. Whilst there are differences in the traits 
used in these analyses (viral load, weight gain and reproductive traits under field and 
experimental conditions) it may be expected that improved resistance and/or tolerance would 
translate to reductions in mortality. 
The aims of my research as reported in this thesis are to explore the reproductive response of 
pigs to PPRS outbreaks in field data. These aims will be met using the variance in 
reproductive traits associated with PRRSV outbreaks, from data collected from two farms 
experiencing PRRS. In establishing the factors which contribute to reproductive success or 
failure suitable models will be established for the estimation of heritable variation in the 
reproductive traits, and non-genetic effects considered. The heritable variation can then be 
exploited in conjunction with association study methods, to identify regions of the genome to 
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which the heritable variation can be attributed. Single SNP analyses will be explored in 
addition to methods to explore the regional effects.  
Whilst most of the phenotypic data used in this study have been analysed previously (Lewis 
et al., 2009a, 2009b, 2009c), the power of these data for genetic analyses have been 
significantly enhanced by the addition of SNP genotypes generated using the Illumina 
PorcineSNP60 chip (Ramos et al., 2009; Illumina, 2015) for animals in the original 
population. In addition, an independent dataset (farm 2) is analysed. It is hypothesised that 
the increased density SNP chip will enhance the ability to detect QTL by virtue of increased 
coverage. It is possible that there may be improved power to estimate heritability and 
additive genetic variance by combining the two farms’ data. That this increased power and 
increased coverage may enable the discovery of new regions of interest in addition to 
providing an increased dataset with which to consider previously reported QTL.  
In summary, this thesis will explore the genetic architecture underlying reproductive 
outcomes to PRRSV infection: 
 To consider the factors affecting non-genetic effects contributing to reproductive 
trait variance in PRRSV challenged data, such that models may be devised to 
explore genetic effects.  
 To quantify additive genetic variance and heritability, using pedigree information 
(where available) and 60K SNP genotypes.  
 To utilise single SNP association methods to explore the genetic architecture of 
reproductive trait variance across the pig genome  








Chapter 2. Impact of PRRSV Outbreaks on 
Reproductive Performance of Sows  
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 Introduction 
As outlined in the previous chapter, a number of studies have investigated the impact of 
PRRSV on reproductive success in sows. PRRSV has been identified as a suitable target for 
genetic improvement of the host (Bishop & MacKenzie, 2003; Davies et al., 2009) and 
research has focussed on the heritable variation of the response of the host to infections with 
the PRRS virus. A prerequisite for quantifying heritable variation of performance traits, is an 
understanding of systematic, non-genetic factors that underpin the variation in the observed 
reproductive performance of sows. This is especially true using inherently noisy data from 
farm settings, during the dynamic conditions that epidemics present (Bishop et al., 2012). 
Variation in reproductive success is reviewed extensively in the literature. Non-pathogenic 
factors include parity, breed, temperature, permanent environmental effect, nutrition and 
various toxins. (Christianson, 1992; LeFebvre, 2015). Variation has been explored in 
reproductive traits in direct response to PRRSV (Lewis et al., 2007, 2009a; Rashidi et al., 
2014; Serão et al., 2014) identifying non-genetic effects relevant to the cohorts studied.  
The data available to this study is field data collected from two commercial farms, which had 
experienced PRRSV outbreaks with data available during and outwith PRRSV outbreaks. 
Previous analyses of the same data on one of these farms found that reproductive success 
was significantly reduced during the PRRSV outbreak phases and that parity and sow line 
had a significant effect on  reproductive performance traits for sows in both epidemic and 
non-epidemic phases (Lewis et al., 2009a, 2009b). Although these analyses distinguished 
between epidemic and non-epidemic phases, they did not account for differences within or 
between separate outbreaks, which is also expected to have  a strong effect on performance 
and its underlying heritable variation (Bishop & Woolliams, 2010).  
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The challenges posed in the use of field data for genetic analyses are discussed in (Bishop & 
Woolliams, 2010), which identified three main sources of uncertainties that affect variance 
component estimates.  
1) The different levels of exposure faced by individuals within the population  
2) Inaccuracies in the classification of animals as diseased or healthy  
3) The dynamic nature of epidemics within populations  
This chapter forms the prerequisite of the genetic analyses carried out in the subsequent 
chapters. It starts with a detailed description of the datasets on which all studies in this thesis 
are based. Using a modified version of the threshold/threshold method previously reported  
(Lewis et al., 2009b), partitioned datasets are created to distinguish between epidemic and 
non-epidemic phases in both farms; to enable the investigation of the effects of PRRSV 
outbreaks on the reproductive performance of sows. This is explored using linear mixed 
models, which also provide estimates of non-genetic fixed and random effects affecting 
reproductive failure during the PRRSV epidemics. Finally, different ways to account for 
differences in exposure in the statistical models are explored, and their impact on 
reproductive performance is assessed. The models created in this chapter are then carried 
forward in conjunction with population and SNP data to explore genetic parameters. 
 Materials and Methods 
2.02.1 Qualitative and Quantitative Description of the Data 
Data was available for 2 farms provided by GENUS / PIC, termed from here on, farm 1 and 
farm 2. During the 5- and 2-year periods for which data was available, both farms 
experienced a minimum of one PRRSV outbreak confirmed by a commercial enzyme linked 
immunosorbent assay (ELISA) test with a sensitivity of 97.4% and specificity of 99.6% at 
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herd level (Idexx Herdchek, 2003). These data were cleansed and standardised for 
subsequent, data analyses following the procedure outlined below.  
Farm 1  
Farm 1 was a high health, Chinese multiplication unit subject to monthly ELISA testing for 
PRRSV antibodies. It contained 14 sow lines representing animals from separate sources, 
breeds and crosses. Purebred lines included, Large White, Landrace, Pietrain composite, 
Duroc and Meishan purebred lines alongside various crosses.  
This dataset had been previously analysed in Lewis et al., (2007, 2009a, 2009b). Herd 
breakdown for highly pathogenic PRRSV-2 (HP-PRRSV-2) (Tian et al., 2007) had been 
observed at two time-points in August 2002 and October 2005, identified using regular 
ELISA testing. The precise start and end dates however were not clear. 
These data consisted of 7,456 unique litter records detailing: sow identifier, sow line, sire of 
sow; sow of sow; sire used in fertilisation, services (the number of times the sow came into 
oestrus before successful insemination), matings (the number of inseminations before being 
successful), parity (the total number of litters the sow has had, including current litter, at the 
time of farrowing), net fostered (the net number of piglets fostered on or off the litter), as 
well as service date, farrowing date and weaning date, and the total numbers of piglets 
falling into one of four different reproductive outcomes. 
These reproductive outcomes were recorded as counts of the number of piglets per litter 
born: Mummified (Mum); Stillborn (Still); Alive; and Weaned (Wean). Furthermore, three 
more trait values were derived: Dead, which was calculated as Mum + Still per litter; Total 
observable foetuses (Tof), which was calculated as calculated as Dead + Alive per litter, and 
Farrowing mortality (Fmor) calculated by litter as Dead/Tof per litter. The Dead trait was 
created to capture the overall litter mortality without discriminating between the partly 
subjective classifications into mummified or stillborn foetuses. The term Total observable 
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foetuses (Tof) was used to reflect the fact that PRRSV can cause small foetuses which can be 
missed in the counts, as well as reabsorption of the foetus in utero. The trait Fmor considered 
the losses with respect to overall number of observed foetuses. In addition to this Gestation 
Length (Gest) was also calculated as Farrow Date minus Service Date in days. A summary 
table giving the definition of the traits is shown for reference in the appendix Table A.1. 
The four, raw piglet counts by category (Mum, Still, Dead, Alive) and the four derived litter 
characteristics (Tof, Fmor, Wean and Gest) were used as the reproductive traits in the 
subsequent analyses. 
The raw dataset comprised altogether 7,456 records between the periods from 13/05/2000 to 
16/12/2006 by farrowing date. Parity had a range of 1-13, with between 1 and 1307 records 
for each parity class. There were relatively few (< 240) records with parity above eight. For 
this reason, parities of eight and higher were combined into parity class ‘8+’. For the 14 sow 
lines, there were between 1 and 2,042 litter records. Sow lines with less than 10 records were 
removed from the analyses (affecting two crosses and 10 records).14 further records were 
removed where no information was provided for number born alive, stillborn or mummified. 
Figure 2.1 shows the number of farrow records per day throughout the 6-year period. Data 
prior to farrow date 03/06/2001 were sparsely populated with low numbers of records per 
day. These records were also excluded from the analyses to prevent bias in the 30-day cohort 
estimates used in the subsequent epidemic trend analysis. This led to the removal of a further 
163 records. A plot showing a count of the number of litters recorded by farrow date in the 
retained records is shown in Figure 2.1. 
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Figure 2.1 – Farm 1 Number of Litters Per Day 
The number of litters recorded per day by farrow date. 
This dataset used in the subsequent analyses comprised in total 7,031 records for 1,737 sows. 
Table 2.1 provides the frequency distribution of the number of records per sow in the 
cleansed dataset.  
Table 2.1 – Frequency Distribution of the Number of Litters Recorded per Sow in the 
Cleansed Farm 1 Data 












Number of litter records per sow. 
Impact of PRRSV Outbreaks on Reproductive Performance of Sows 
41 
Farm 2  
The second farm was a high-health Midwestern USA farm subject to monthly PRRSV 
antibody ELISA testing. This farm experienced one PRRSV-2 outbreak during which the 
farm was depopulated for decontamination and the animals slaughtered. Represented in farm 
2 were 5 lines based on a cross of two lines in farm 1. One of these lines was from an 
identical breeding programme as for farm 1; the other crosses originated from a similar 
genetic background but with slightly different breeding objectives. The raw phenotypic data 
contained 11,053 records detailing: sow identifier, sow line, sire of sow; sow of sow; sire 
used in fertilisation, services (the number of times the sow came into oestrus before 
successful insemination), matings (the number of inseminations before being successful), as 
well as service date, farrowing date and weaning date, and the total numbers of piglets at 
farrowing categorised in the same manner as for farm 1.  Identical to farm 1, for each litter 
the reproductive performance records providing numbers Mummified (Mum), Stillborn 
(Still), Alive and Weaned (Wean) were available, from which the derived traits (Tof, Fmor 
Dead and Gest), were calculated as for farm 1. Again forming the same reproductive traits in 
the subsequent analyses in this thesis.  
For farm 2, the raw data did not contain direct information on the parity of sows, however 
did contain every successful farrowing of each sow. As such the parity of each sow at a 
given time point could be calculated as the number of prior successful farrows for each sow 
+1. The resulting data had a parity range of 1-13 matching the parity information on farm 1. 
Parities greater than 8 were combined to an aggregated grouping of eight plus, affecting 260 
records. Also unavailable was the number of animals fostered on or fostered off the litter 
though it is known that some fostering took place. Given the impact that this has on the 
numbers weaned, and the potential for bias, the Wean trait was not assessed for Farm 2.  
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Similar to farm 1, the early time period in the dataset was sparsely populated and biased 
towards records of more mature sows with many parities. To prevent potential bias in the 
subsequent analyses, records prior to 01/11/2009 were discarded.  
 
Figure 2.2 – Farm 2 Number of Litters Per Day 
The number of litters recorded per day by farrow date. 
The resulting dataset for farm 2 contained in total 6,487 records from 1,942 sows, the 
frequency distribution of which is shown in Table 2.2. 
Table 2.2 – Frequency Distribution of the Number of Litters Recorded per Sow in the 
Cleansed Farm 2 Data 







Number of records per sow. 
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2.02.2 Data Partitioning into Epidemic and Non-Epidemic Phases 
Data were partitioned into epidemic and non-epidemic phases according to a modification to 
the threshold-threshold method used in Lewis et al., (2007). This method partitions the data 
by analysing the trends of the diverse reproductive performance traits using a 30-day rolling 
average. A mean for each trait under consideration is calculated at each farrow date, based 
on all records 15 days prior to, and 14 days subsequent to that farrow date (30 days total.).  
Hereafter, these 30-day trait means are referred to as the trait ‘trend’. To partition these days 
into epidemic and non-epidemic phase, a baseline period is identified on each farm as a time-
period where ELISA tests did not detect PRRSV. Within this period the 95th percentile of 
the trait trend is calculated as a threshold value. This threshold is then applied to the 
corresponding trait trend dataset to classify rolling average values according to whether they 
fall above/below this value. Confluent dates above this threshold coinciding with ELISA 
confirmed PRRSV outbreaks are then defined as epidemic phase.   
Two weeks either side of each epidemic were extracted as a buffer to exclude data with low 
disease incidence rates.  The corresponding data were not included in the analyses. The 
remaining data was defined as non-epidemic phase data.  
This partitioning of the data is different in one aspect with regards to the partitioning used in 
(Lewis et al., 2009a). An emphasis was put on perinatal mortality described in terms of the 
raw counts and derived traits as defined. As such no lead/lag period was added to the 
epidemic period identified by the threshold to account for the gestation/lactation length of 
sows. This avoids the necessity to include periods exhibiting aberrant fertility outcomes 
associated with PRRS (such as number of services required for successful mating). Given 
perinatal mortality is expressed as an outcome following gestation whereas fertility-type 
traits are expressed prior to conception these two biologically different traits are observed at 
different times. Whilst in the previous study a lead time of one gestation length is added to 
disease phase to capture periods exhibiting aberrant fertility outcomes associated with PRRS, 
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focussing on perinatal mortality allows for a more stringent definition of disease phase 
pertinent to the specific traits under evaluation. It is noted that this precludes the analysis of 
some fertility outcomes included in Lewis et al., (2009a, 2009b) however during this period 
no evidence is seen of increases in prenatal and perinatal mortality (see results). 
2.02.3 Statistical Analyses  
Analyses were conducted on the two farms separately. All data processing and handling was 
done with R: A language and environment for statistical computing (R Foundation for 
Statistical Computing,  (R Core Team, 2016). Mixed models were fitted using the lme4 and 
lmerTest package (Bates et al., 2016; Kuznetsova et al., 2016). Least square trait means 
associated with the fixed effects were calculated using the lsmeans package (Lenth, 2016).  
The general mixed model, described in matrix notation is shown in Equation 2.1. 
𝒚 = 𝑿𝜷 + 𝒁𝒖 + 𝜺 
Equation 2.1 – Matrix Equation of the Mixed Model 
 
Where y is a vector of observations (the reproductive performance trait in consideration); X 
is a design matrix relating the observation to the fixed effects; β is a vector of fixed effects, 
Z is a design matrix relating the observations to the random effects, u is a vector of random 
effects, and ε is the error term. It was assumed that the random effects and errors were 
independently normally distributed with u ~ N(0,G) and ε ~N(0,R) where G and R are the 
variance-covariance matrices with zero off diagonals  
The significance of fixed effects was assessed using the F-test statistic and the significance 
of random effects was assessed using the Likelihood Ratio Test (LRT) (Neyman & Pearson, 
1933; Self & Liang, 1987). Model fit was assessed based on the log-likelihood, the Akaike 
Information Criterion (AIC), and Root Mean Square Error (RMSE). The AIC provides an 
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estimate of model fit whilst penalising for the introduction of additional terms to generate 
accurate models whilst avoiding over-parameterisation (Akaike, 1974). 
A stepwise elimination method was adopted to find the most comprehensive, but 
conservative model (in terms of over-fitting), pertinent to the trait under evaluation. This 
method initially includes all terms and possible interactions in a full model. Terms were 
removed from the model if they were not statistically significant based on the assessment 
methods described above (p<0.05), or did not decrease the AIC when dropped from the 
model. To ensure that models were hierarchically well formulated (HWF) lower order terms 
were retained when involved in higher order interactions (Kleinbaum et al., 2008). 
Fixed and random effects fitted in the models, and data transformation 
The models were applied to the full datasets of both farms individually, comprising both 
epidemic and non-epidemic phases.  
Models were generated for each of the above describe reproductive traits (Mum, Still, Wean, 
Dead, Tof, Fmor, Gest), not all of which were normally distributed. When model residuals 
were non-normally distributed, transformations were explored to ensure the models complied 
with the assumptions of the mixed model theory. 
As repeated records were available for the majority of sows, sow was fitted as a random 
effect in all models.  Sire of Sow, which was only available in farm 1 data, was also included 
in the models for farm 1 as random effect. Fixed effects included in the models comprised 
the binary trait ‘Phase’ to distinguish between epidemic and non-epidemic phase, as well as 
Parity, Sow Line and Year – Season, together with their interactions. In addition, Tof was 
considered as a fixed covariate in the models (where not considered as the response trait) to 
account for variation in the total number of piglets in the litter. Given fostering decisions 
were taken after the litter was farrowed, the number of net fostered individuals was also 
included as fixed covariate for the Wean trait in farm 1. 
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Models including just these basic components (and interactions) are termed the “Basic 
Model” hereafter. 
Alterations to the Basic Model: Accounting for Variation in Exposure 
In order to account for differences in the severity between different epidemics identified 
during partitioning, a unique identifier was allocated to each distinct epidemic period 
(epidemic ID) during the partitioning process and fitted as a fixed effect in addition to the 
basic model terms, thus replacing the binary trait ‘Phase’. Non-epidemic phase was given an 
epidemic ID of zero. Models incorporating this effect are termed alternative model 1; or 
simply “Alt.1.” 
To additionally consider a dynamic within epidemic effect, a further model was established 
to try to account for potential changes occurring over the course of each epidemic. Given the 
trait trends generated in the partitioning process approximate the infected curve produced 
under the standard SIR model (see results), the rolling 30-day trend value specific to the date 
on which the litter farrowed was used as a covariate. This trait trend for the farrow date 
could be considered as an ‘expected outcome’ for the 30-day cohort to which the litter 
belonged, varying by date. In this model the trait trend value pertinent to the date of 
farrowing was fitted as a fixed covariate; to consider this an epidemic specific effect it was 
nested within epidemic ID.  
The trend used corresponded to the trait under evaluation for the Mum Still and Dead traits. 
For the other traits (Alive, Tof, Fmor, Wean and Gest) all three loss trends were tested. The 
Dead trend consistently came out the most significant and as such was used in this model 
when analysing these traits. This model was termed alternative model 2 or simply, “Alt. 2.” 
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 Results  
2.03.1 Data Partitioning 
Whilst all loss trends were explored initially for partitioning, the slightly broader time-frame 
identified using the Dead trait trend (see appendix Figure A.1 to Figure A.6) captured the 
peaks or troughs for the trends in all reproductive traits. Therefore, the Dead trend was used 
to isolate epidemic periods for the subsequent analysis of all traits. 
Farm 1 
A plot of the Dead rolling average trend, identifying the initial baseline phase, 95th percentile 
threshold value and highlighting periods above and below the threshold, is shown Figure 2.3. 
For farm 1 three prolonged periods above the threshold were identified coinciding with 
ELISA positive results for PRRSV, as shown by the three red periods with increased number 
of dead piglets in Figure 2.3. The exact corresponding periods were from 25/08/2005 to 
16/12/2002, labelled Epidemic 1; from 09/11/2005 to 19/03/2006, labelled Epidemic 2; and 
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Figure 2.4 shows trait trends for the epidemics identified on Farm 1 using the Dead trait 
trend threshold partitioning, vertical dotted lines marking the periods identified. Note an 
apparent aberration in the trends for epidemic 1 in August 2002, this coincides with no 
recorded litters farrowed in this period (see Figure 2.1 ). 
Table 2.3 shows the number of sows and records per sow for the 4 different pure-bred sow 
lines, and the various cross-breeds, for the non-epidemic and epidemic phases. All lines were 
represented in both phases, but the non-epidemic phase comprised 4.99 times more records 
than the epidemic phases together.  











Landrace 397 1310 302 320 
Large White 433 1546 284 311 
Large White From NPD 364 1494 213 225 
Synthetic (Duroc × White) 133 392 86 93 
Pietrain (Hal+) 29 83 16 16 
Meishan 61 274 34 37 
Synthetic (Large White × White) 23 120 7 7 
Synthetic 
(Large White x Synthetic Sire Line) 
6 18 9 9 
Pietrain (Hal+ × Hal-) 12 16 8 9 
Synthetic (White × Meishan) 15 25 20 22 
Unknown 4 14 3 4 
Synthetic (White × Duroc) 15 15 9 9 
 
The exact dates identified under the trend analysis, baseline and threshold values for other 
traits are shown in the appendix Figure A.1 to Figure A.3 
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Farm 2 
For Farm 2, two extended periods above the baseline threshold were observed (Figure 2.5), 
one from the end of December 2010 to the end of March 2010, the other from mid-December 
2011 to mid-January 2012. Only the period from mid-December 2011 to mid-January 2012 
coincided with an ELISA positive PRRSV test result. The exact corresponding periods 
identified under the trend analysis were 11/12/2001 to 14/01/2012 labelled epidemic 4 
shown in Figure 2.6.  
The other period corresponding to dates 29/12/2009 to 30/03/2010 was labelled Epidemic 5, 
treated as an unconfirmed epidemic, and not included in the analysis, unless explicitly stated. 
The reproductive trait trends in both epidemic periods (confirmed and unconfirmed) are 
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The exact dates identified under the trend analysis, baseline and threshold values for other 
traits are shown in the appendix Figure A.4 to Figure A.6 
Qualitative description of the impact of PRRSV outbreaks on 
reproductive performance traits 
The trend analysis showed a clear increase in loss trait (Mum, Still, Dead) and Fmor trends 
and a clear decrease in two production traits (Alive and Wean) trends over the epidemic 
periods (Figure 2.4) No clear, systematic, pattern was observed in Tof trends. There are some 
exceptions to this. Epidemic 3 on farm 1 did not experience a noticeable increase in the Still 
trend and Epidemic 5 on farm 2 did not experience a noticeable decrease for the Alive trend. 
Interestingly the trend analysis identified a pattern in the traits whereby the increase or 
decrease in each trait trend did not occur concurrently but appeared offset with regards to 
each other.  
Trait trends for Epidemic 1 are shown in Figure 2.4. At the early stage of the epidemic the 
trend appears more erratic than for Epidemic 2 for all traits except Alive.  Note that the first 
effect of the epidemic is reflected in the Wean trend which crashes abruptly to 0. At the same 
time as the Wean trend approaches zero there is a large gap with no recorded farrows 
between dates 25/07/2002 and 25/08/2002 (shown in Figure 2.1). The epidemic would 
conceivably first show in reproductive data in the number weaned as late gestation\recently 
farrowed piglets succumbed to the virus, followed by an absence of any reported farrowing 
where sows infected earlier in gestation aborted the litter. A gradual recovery in the Wean 
trend and in number of farrows is observed throughout the epidemic. In Figure 2.4 the losses 
are observed in a rise in the Still trend followed by the Mum trend. This pattern is clearly 
reflected in all the PRRSV confirmed epidemic trends on both farms, except for farm 1, 
epidemic 2 where the Still trend did not show a noticeable increase. A similar pattern is 
observed in the unconfirmed epidemic on farm 2 which shows patterns in all the trends 
sequentially. 
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2.03.2 Statistical Analysis 
Farm 1  
Trait means including Standard Error of the Mean (SEM), sow and record counts are shown 
for the non-epidemic and epidemic phases (including by epidemic breakdown) for farm 1 
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Consistent with previous findings by Lewis et al., (2009a, 2009b), the Log10(Trait+1) 
transformation was found to be required for the loss count traits Mum, Still and Dead. 
Transformations were not required, however, for the (more normally distributed) Alive, Tof, 
Fmor, Wean and Gest traits.  
The final basic models (not accounting for differences in exposure during the epidemic 
phase) for the diverse reproductive traits differed, depending on the significance of the fixed 
effects. Both random effects sow and sire of sow were found to be statistically significant 
according to the LRT.  
Table 2.4 shows the p-values for all significant, retained, fixed effects and interactions. Year 
season was found not to be significant for any of the traits, as found by Lewis et al., (2009a) 
and was dropped. Parity, in keeping with previously reported results was highly significant 
across traits and datasets. Tof too was highly significant where fitted except for trait Fmor. 
When Tof was included as a fixed covariate in the models, sow line was non-significant for 
the loss type traits Mum, Still, Dead and Fmor. Sow line was however significant for these 
traits if Tof was not included as a covariate.  
In order to explore the impact of differences in the severity of each epidemic on trait means, 
epidemic ID was incorporated in the subsequent set of models for each trait, in place of the 
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The epidemic effect, regardless of how it was included in the models, was highly significant 
across traits and models. Significant too is the trend by epidemic ID interaction, indicating 
that differences in exposure over time, as represented by the rolling average trend of the trait 
in consideration (or Dead trait) explained a significant proportion of the observed variation 
in reproductive performance.  
Looking at model fit, Table 2.4 shows some measures of the relative quality of the models 
across models and traits, including the AIC, root mean square error, the log- likelihood as 
well as the significance of the sow and sire of sow effects.  
Impact of PRRSV Outbreaks on Reproductive Performance of Sows 
60 
















Basic 7863.50 -3910.75 0.433 0.165 <0.001 
Alt.1 7552.08 -3742.04 0.423 0.21 0.008 
Alt.2 7019.44 -3471.72 0.405 0.193 0.006 
Still¥ 
Basic 8955.50 -4456.75 0.463 <0.001 <0.001 
Alt.1 8952.84 -4442.42 0.461 <0.001 <0.001 
Alt.2 8529.84 -4226.92 0.447 <0.001 <0.001 
Dead¥ 
Basic 11021.12 -5489.56 0.546 <0.001 <0.001 
Alt.1 10833.45 -5382.73 0.538 0.003 <0.001 
Alt.2 10359.19 -5141.60 0.519 0.004 <0.001 
Alive 
Basic 26114.04 -12916.02 1.744 <0.001 0.003 
Alt.1 25732.45 -12680.23 1.703 <0.001 0.40 
Alt.2 25052.23 -12336.12 1.627 <0.001 0.36 
Tof 
Basic 31097.42 -15408.71 2.432 <0.001 <0.001 
Alt.1 30949.22 -15289.61 2.416 <0.001 <0.001 
Alt.2 30938.13 -15280.06 2.41 <0.001 <0.001 
Fmor 
Basic -3871.44 1954.72 0.165 <0.001 <0.001 
Alt.1 -4119.01 2089.50 0.163 <0.001 <0.001 
Alt.2 -4941.647 2504.823 0.154 <0.001 0.002 
Wean Basic 26851.083 -13401.54 1.873 0.002 <0.001 
 Alt.1 26479.913 -13200.96 1.852 0.009 0.03 
 Alt.2 25709.763 -12811.88 1.75 0.022 0.05 
Gest Basic 23543.865 -11630.93 1.18 <0.001 <0.001 
 Alt.1 23402.977 -11515.489 1.158 <0.001 <0.001 
 Alt.2 23305.214 -11462.607 1.146 <0.001 <0.001 
¥Transformed log(trait + 1). 
With few exceptions, models including random sow and sire of sow effects provided in 
general a significantly better model fit than models without these effects. Sire of sow did not 
seem to significantly affect only the number of mummified piglets (Table 2.6). 
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Consistently from the basic model to the alternative model 1 and alternative Model 2 the 
model fit improved, shown by reductions in both the AIC and RMSE, and by significant 
improvement in the log-likelihood (p-value of LRT was <0.001 for all traits).  
Figure 2.7 shows the least squares means for the Mum trait for all models. Estimates are 
provided for the epidemic effect (phase or epidemic ID depending on what is fitted in the 
model), with standard error and 95% confidence level. These fix covariates at their mean 
level values and average over the other terms in the model. For all three types of models, a 
clear distinction is seen between the non-epidemic phase and the epidemic phase \ 
epidemics. LSM Mum values are significantly lower during the non-epidemic phase 
(p<0.001).  Furthermore, Figure 2.7 shows that there is a significant difference in the LSM 
Mum values between the individual epidemics, although all individual epidemics resulted in 
significantly higher Mum LSMs than observed during the non-epidemic periods. The LSM 
estimates and confidence intervals were very similar between the alternative models 1 and 2.  
 
Figure 2.7 – Farm 1 Mum Trait Least Squares Means for Epidemic Effect Estimated Using 
Different Models 
Log(Mum+1) trait fitted, back-transformed onto the response scale. Covariates involved in 
interactions with the epidemic factor are estimated at their mean for each epidemic level. 
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Figure 2.8 shows the LSM estimates for all reproductive performance traits estimated with 
the basic model. Statistically significant differences in the LSMs associated with the 
epidemic and non-epidemic phase are seen for all traits, except for Tof and Gest, indicating 
that Mum, Still, Dead, Alive Fmor and Wean present useful, quantitative indicators of disease 
impact for further analysis. 
 
Figure 2.8 – Farm 1 Least Squares Means for All Traits by Phase Estimated Under the Basic 
Model  
Mum, Still and Dead, transformed by log(trait+1), are back-transformed onto the response 
scale.  
In addition to the epidemic characteristics, the sow parity by epidemic interaction was also 
found significant in the statistical models for the majority of reproductive traits. The parity 
effect on the diverse reproductive traits for the epidemic and non-epidemic phases estimated 
with the basic model are shown in Figure 2.9. Except for Tof and Gest, all traits show a 
significant loss in reproductive performance associated with the PRRSV outbreak across all 
parities. However, whereas reproductive performance of sows reduces systematically in later 
parities in the absence of a PRRSV outbreak, this systematic effect seems to disappear 
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during the epidemic period. This could be partly an artefact of the limited amount of 
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Figure 2.10 shows the non-systematic parity effect on reproductive performance during the 
epidemic period observed for the basic model, however at the individual epidemic level this 
may not be the case. In epidemic 1, the most severe epidemic, the number of mummified 
piglets increased significantly at later parities. For epidemics 3 this pattern is reversed, 
whereas in epidemic 2 the non-systematic effect it retained. This was true for both models, 
Alt.1 and Alt.2 (Figure 2.10).  
 
Figure 2.10 – Farm 1 Mum Trait Least Squares Means by Parities and Epidemic Factor 
Level Included in Model 
Log(Mum+1) trait fitted, back-transformed onto the response scale. Covariates involved in 
interactions with the epidemic factor are estimated at their mean for each epidemic level. 
Farm 2  
Trait means including SEM, sow and record counts are shown for the non-epidemic and 
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The investigation into reproductive performance was initially confined to the data excluding 
the unknown epidemic. All models included random effect of sow but due to the lack of 
pedigree information no sire effect could be fitted. Consistent with previous findings, in 
Lewis et al., (2009a, 2009b) Log10(Trait+1) transformation was found to be required for the 
loss count traits of Mum, Still and Dead and not required, however, for the Alive, Tof, Fmor 
and Wean and Gest Traits.  
Basic models were generated in the same manner as for farm 1. Given the lack of multiple 
epidemics alternative model 1 has no additional contrasts as compared to the basic model 
(both the Phase and Epidemic Id are two level factors). The equivalent for model 2 was 
generated with an epidemic ID × trend term to the basic model terms. 
The final basic models (not accounting for differences in exposure during the epidemic 
phase) for the diverse reproductive traits differed, depending on the significance of the fixed 
effects. Both random effects sow and sire of sow were found to be statistically significant 
according to the LRT.  
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A significant epidemic effect (phase or epidemic ID × trend interaction) is seen in all traits 
except Gest. For the Alive and Tof traits this effect is only shown as significant in the 
epidemic × sow line interaction. Fewer characteristics were found to have significant 
epidemic interaction than on farm 1, including the epidemic × parity interaction. This could 
either be as a result of a more homogenous population in farm 2 as compared to farm 1 in 
terms of breed varieties (providing less contrast in these factors), or simply a product of the 
reduced number of records.  
Parity and Tof are again significant across all the traits tested. Sow line is also significant for 
all the traits except Gest. Despite (as before) accounting for the litter size by fitting the 
covariate Tof. 
Table 2.9 shows some measures of the relative quality of the models across models and 
traits, including the AIC, root mean square error, the log-likelihood as well as the 
significance of the sow effect. 
Impact of PRRSV Outbreaks on Reproductive Performance of Sows 
70 











Basic 4240.43 -2097.21 0.33 <0.001 
Alt. 2 4170.99 -2060.49 0.33 <0.001 
Still¥ 
Basic 7849.03 -3908.52 0.44 <0.001 
Alt. 2 7803.38 -3883.69 0.44 <0.001 
Dead¥ 
Basic 8723.96 -4338.98 0.48 <0.001 
Alt. 2 8672.57 -4311.29 0.47 <0.001 
Alive 
Basic 19411.43 -9685.72 1.22 <0.001 
Alt. 2 19346.44 -9651.22 1.21 <0.001 
Tof 
Basic 28813.70 -14387.85 2.51 <0.001 
Alt. 2 28796.86 -14377.43 2.51 <0.001 
Fmor 
Basic -10501.11 5272.56 0.09 <0.001 
Alt. 2 -10559.57 5303.79 0.09 <0.001 
Gest 
Basic 18057.88 -9016.94 0.82 <0.001 
Alt. 2 18009.63 -8990.82 0.81 <0.001 
¥Transformed log(trait + 1) 
Models including the sow effect show considerably improved model fit than models without 
these effects. Under all measures of model fit alternative model 2 performs better than the 
basic model including significant improvements to the LRT between models p value 
<1.49×10-5 for all traits (Table 2.9). 
Figure 2.11 shows the least squares means for the Mum trait for both models. Estimates are 
provided for phase, with standard error and 95% confidence level. For both models a clear 
distinction is seen between the two phases. LSM Mum values are significantly lower during 
the non-epidemic phase (p<0.001). The LSM estimates and confidence intervals are very 
similar between the basic model and alternative model 2. 
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Figure 2.11 – Farm 2 Mum Trait Least Squares Means for Epidemic Effect Estimated Using 
Different Models 
Log(Mum+1) trait fitted; back-transformed onto the response scale. Covariates involved in 
interactions with the epidemic factor are estimated at their mean for each epidemic level. 
Figure 2.12 shows the LSM estimates for all reproductive performance traits estimated with 
the basic model. Statistically significant differences in the LSMs associated with the 
epidemic and non-epidemic phase are seen for all traits, except for Tof and Gest, indicating 
that Mum, Still, Dead, Alive and Fmor present useful, quantitative indicators of disease 
impact for further analysis. 
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Figure 2.12 – Farm 2 Least Squares Means for All Traits by Phase Estimated Under the 
Basic Model 
Mum, Still and Dead, transformed by log(trait+1), are back-transformed onto the response 
scale. 
Fewer traits showed a significant parity by epidemic effect on farm 2, these traits are Mum, 
Dead, and Fmor. The LSM estimated under the basic model for these traits is shown Figure 
2.13. 
Impact of PRRSV Outbreaks on Reproductive Performance of Sows 
73 
 
Figure 2.13 – Farm 2 Least Squares Means for All Traits with Parity by Epidemic Effect 
Estimated Under Model 1 
Only traits with a significant Phase ×Parity interaction are shown. Mum and Dead, 
transformed by log(trait+1), are back-transformed onto the response scale. 
A systematic parity effect is observed in the absence of a PRRSV outbreak for the Dead and 
Fmor traits though not so for the Mum trait which appears to remain constant. Similar 
patterns (with higher numbers) are observed during the epidemic period, though a string 
increase in Dead and Fmor LSM was observed in parities greater than seven. All three loss 
traits show an increase at parity four however the increase in standard error suggests this is 
more likely an artefact of the data, rather than a systematic effect.  
Mixed models were also explored on data including the unconfirmed epidemic. Tables of 
these results are given in the appendix showing: P values for all fixed effects retained in the 
model following the stepwise regression process (Table A.2); relative quality of the models 
across models and traits (Table A.3); and Least Squares means estimates by Phase and 
Epidemic (Table A.4).  
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Figure 2.14 shows the least squares means for the Mum trait for all models. A significant 
effect is seen by phase regardless of whether the epidemics are assessed together (as in the 
basic model) or treated independently (as in the alternative models). 
 
Figure 2.14 – Farm 2 Including Unknown Epidemic Mum Trait Least Squares Means for 
Epidemic Effect Estimated Using Different Models 
Log(Mum+1) trait fitted, back-transformed onto the response scale. Covariates involved in 
interactions with the epidemic factor are estimated at their mean for each epidemic level. 
Given the unknown source of epidemic 5 the epidemic differences are considered for all 
traits under alternative model 1, to consider the two epidemics independently. The least 
squares means for all traits by Epidemic is shown in Figure 2.15. 
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Figure 2.15 – Farm 2 Including Unknown Epidemic Least Squares Means for All Traits by 
Epidemic Estimated Under Alternative Model 1 
Mum, Still and Dead, transformed by log(trait+1), are back-transformed onto the response 
scale. 
For all the disease traits identified in the previous analysis (Mum, Still, Dead, Alive and 
Fmor) estimates are similar between epidemics but show significant (p<0.001) differences 
between epidemic and non-epidemic phase. This is not the case for the other traits in the 
analysis. Tof and Gest showing no significant difference between phases, though a 
significant difference is observed between epidemics.  
Traits for which a significant epidemic by parity effect was identified were Mum Dead Alive 
and Fmor. The least squares means of the epidemic by parity effect for all models for the 
Mum Trait is shown in Figure 2.16. 
Impact of PRRSV Outbreaks on Reproductive Performance of Sows 
76 
 
Figure 2.16 – Farm 2 Including Unknown Epidemic Mum Trait Least Squares Means by 
Parity and Epidemic Estimated Under All Models  
Log(Mum+1) trait fitted, back-transformed onto the response scale. Covariates involved in 
interactions with the epidemic factor are estimated at their mean for each epidemic level. 
Significant differences are seen for most parity classes between phase under the basic model 
expect for parities 5 and 6. Similar differences are seen between parity contrasting non-
epidemic and epidemic 4 under the alternative models though considerable overlap is seen 
with epidemic 5 with a much wider confidence interval for some parity classes. This pattern 
was repeated across all traits for which an epidemic by parity effect could be demonstrated. 
The epidemic by parity effect for these traits under the basic model is shown in Figure 2.17. 
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Figure 2.17 – Farm 2 Including Unknown Epidemic Least Squares Means for All Traits With 
Parity by Epidemic Effect Estimated Under Model 1 
Only traits with a significant Phase ×Parity interaction are shown. Mum and Dead, 
transformed by log(trait+1), are back-transformed onto the response scale.  
No systematic pattern is observed in non-epidemic phase for the Mum trait though for Dead 
and Fmor a systematic increase is seen in later parities in LSM estimates. 
 Discussion 
The results of this chapter show a considerable, and consistent decrease in reproductive 
performance during periods of PRRSV outbreaks. This was found across the Mum, Still, 
Dead Alive Fmor and Wean traits, demonstrating their usefulness as disease indicator traits 
in both datasets.  
Both farms demonstrate significant differences in LSM estimates by phase, for traits 
associated with reproductive losses, a known clinical consequence of PRRSV infection. For 
traits reported in terms of numbers of piglets, the Alive trait shows the greatest contrast on 
both farms. The differences in LSM between non-epidemic and epidemic phase (the 
epidemic impact) for the Alive trait was -2.807 and -0.73, for farm 1 and farm 2 respectively. 
Impact of PRRSV Outbreaks on Reproductive Performance of Sows 
78 
The within farm between epidemic difference is considerable for farm 1; epidemic 1 shows 
the greatest epidemic impact on the Alive trait of -3.92; the epidemic with the smallest 
impact is epidemic 3 of -1.342. Based on the available information it is not possible to 
determine the underlying causes of the difference in epidemics these could include 
differences in PRRSV strains, risk of previous exposure or co-infection with other 
pathogens.  
Similar effects are observed as reported in other studies investigating reproductive failure 
associated with PRRSV (Lewis et al., 2009a, 2009b; Rashidi et al., 2014; Serão et al., 2014). 
These studies found that parity was a significant factor explaining variation in reproductive 
outcomes during PRRSV outbreaks. Whilst Serão et al. (2014) and Rashidi et al. (2014) 
found the effects of contemporary group to be significant this was not observed in this study, 
as found in Lewis et al., (2009a). 
Both previous studies that investigated the effect of sow line on reproductive outcomes 
found this to be significant (Lewis et al., 2009a; Serão et al., 2014). The main difference 
between this study and previous studies is the inclusion of litter size (Tof) as a fixed 
covariate in the model. When Tof was omitted from the model sow line was consistently 
significant whereas when included the sow line effect was non-significant.  
Previous analyses of the traits considered here did not include Tof as covariate in the 
statistical models. However, PRRS and other factors such as sow line genetics, considered in 
the statistical models may affect both, the total number of foetuses (Tof), as well as the 
survivability of the foetuses. Hence, exclusion of Tof as covariate for reproductive failure 
traits may confound the effects of the model predictors on Tof and the trait under 
consideration. For this reason, Tof was included as covariate in the models of this study. 
However, it is important to note that this not only affects the trait definition (e.g. number of 
mummified piglets corrected for Tof rather than number of mummified piglets overall) but 
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may also affect the comparison of the results of this study to those that did not explicitly 
account for Tof. 
Consideration of the litter size in model for prenatal and perinatal mortality is also important 
because of inter-uterine crowding cited as a significant factor in prenatal mortality (Dziuk, 
1968); with foetal development impaired as litter size increases (Vonnahme et al., 2002; van 
der Waaij et al., 2010). As observed in Johnson et al., (1999) litter size also has a significant 
effect on piglet birth weight It is however acknowledged that the inclusion of Tof in the 
model may obscure any interaction between PRRSV pathogenesis and litter size; Tof was 
included to account for the documented effects of litter size on prenatal (and where 
applicable preweaning) mortality. 
The least squares means under this analysis found slightly greater impacts for most disease 
traits than observed in Lewis et al., (2009a). The only disease trait which did not show 
increased impact was Mum with a LSM difference of 0.934 compared to a small difference 
of 1 in the previous study. This is most likely due to differences in the models (e.g. inclusion 
of Tof as a covariate) and a more stringent definition of disease phase pertinent to mortality 
and survival type traits.  
Consideration of exposure plays an important part in the analyses of field data, on which this 
study was based. Field data is more widely available and considerably cheaper than 
experimental data. While experimental data offers a more controlled environment for 
recording results, the number of individuals which may be used and the number of 
measurements that can be taken is often limited by financial constraints. The study by 
Ladinig et al., (2014) found that experimental infection at day 85 of gestation resulted in a 
foetal mortality of 41% (s.e. 22.8%). The foetal mortality observed in the epidemic phase of 
33.4% (s.e. 0.01%) for farm 1 is well within the bounds of the experimental estimates though 
the estimate for farm 2 is slightly lower at 0.13% (s.e. 0.9%). 
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It is impossible to relate the categorical differences found in this study to the differences 
observed in Ladinig et al., (2014) which included the traits autolysed and meconium-stained. 
In the challenge experiment inoculation occurred at gestation day 85, too early for the Mum 
trait to be realised which requires death prior to ~35 days of gestation (Christianson, 1992). 
The categories such as Mum or autolysed take time to develop in utero, as such the ratios of 
different categories are determined by time point at which the foetus dies, impacted by stage 
of gestation at the time of infection. 
Field data may have the adequate high number of animals, but are inherently noisy (Bishop 
and Woolliams, 2010). It is well known that the host genetic contribution to resilience and 
resistance traits depends on exposure. In natural disease outbreaks the exposure is usually 
not known and is likely to vary across and within outbreaks. An inability to account for 
incomplete or varying exposure can lead to a downward bias of heritability estimates 
(Bishop & Woolliams, 2010; Bishop et al., 2012). Accounting for disease severity is thus an 
important consideration especially when utilising field data when the infection status of the 
individual is unknown.  
In this study, differences in exposure across and within different PRRSV outbreaks were 
explicitly accounted for in the alternative models 1 and 2. Whereas alternative model 1 only 
accounted for differences between the epidemics (by fitting epidemic id), alternative model 2 
also accounted for differences in exposure within the epidemics by fitting a rolling average 
of reproductive performance traits. Both alternative models not only provided a superior 
model fit to the data, but also provided relevant new insight into the effect of the severity of 
the outbreak on the diverse reproductive performance traits. Fitting the trend to account for 
differences in exposure was introduced during this research, and adopted by Serão et al., 
(2014). They found that this trend better accounted for contemporary group than estimates 
using breeding month and farrowing year.   
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Overall, the results for alternative models 1 and 2 were very similar, indicating that variation 
in exposure within the individual outbreaks had a significant, though not a strong effect on 
the least square mean estimates of the reproductive performance traits.  
It should be noted that fitting epidemic identifier or the rolling average trait trends in the 
statistical models could generate potential confounding between the estimates of the random 
sow effects and the rolling trait averages, if only one record per sow is available in each 
epidemic. This was indeed the case for all the sows in both, farm 1 and farm 2 datasets. This 
confounding could prove problematic in generating unbiased heritability estimates using the 
alternative models.  
Parity of the sow was found to have a significant impact on reproductive performance in the 
absence of and during the PRRSV outbreaks. For farm 1, similar parity profiles in response 
to disease are seen using the comparable basic models to those presented Lewis et al., 
(2009a). However, on farm 1 when the epidemic ID was accounted for this pattern was lost. 
Whilst outbreak was considered as confounding pre-exposure in Lewis et al., (2009a) only 
two outbreaks were considered in that analysis. In this study results of the parity effect in the 
individual epidemics may suggest a systematic effect in Epidemic 1 and Epidemic 3. Given a 
lack of representation of parities in all epidemics; lack of information on individual immune 
status; and the confounding of age, parity, risk of pre-exposure, and epidemic ID in the data; 
further research would be required to demonstrate this. The older (higher parity) animals in 
Epidemic 2 show evidence of a similar effect as that described for epidemic 3 whilst younger 
(lower parity) animals show evidence of the effects described for epidemic 1. This could 
occur if older animals were present on the farm during epidemic 1, whereas younger animals 
were PRRSV naïve. These results may suggest a pattern of higher losses in higher parities in 
PRRSV naïve animals which is reversed in non-naïve animals. If this is the case, the current 
practice to challenge animals with PRRSV (using vaccination or live virus) as part of the 
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acclimation process on health challenged farms, is highly beneficial in mitigating higher 
losses as a result of infection in later parities. 
The “unconfirmed epidemic” in farm 2 is interesting. This outbreak of reproductive losses 
was identified by a change in the 30 day rolling averages across all traits, the overlapping 
nature of which could indicate a single source outbreak. However, the pathological basis of 
this without a positive diagnostic test remains unknown. Given that regular PRRSV testing 
implemented on the farm had a specificity of 99.6%, the cause for the observed reduction in 
reproductive performance is unlikely (though not impossible) to be PRRS. The least squares 
means of the two epidemics on farm 2 were very similar for the disease indicator traits 
(Mum, Still Dead, Alive and Fmor) though significant differences were seen in the traits; 
Gest and Tof.  
In conclusion, the results of this chapter provide quantitative estimates for the effect of 
PRRSV on a number of reproductive performance traits, and the base models for the 
subsequent genetic analyses. In addition results indicate a previously unidentified systematic 
parity effect in naïve animals of increased losses in higher parties and suggest that this 






Chapter 3. Genetic Variation of Sow Reproductive 
Performance in the Absence of and During PRRSV 
Outbreaks  
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 Introduction 
The literature review covers a range of studies demonstrating a genetic basis of response in 
terms of response to PRRSV both in terms of breed effect and heritable component. The 
heritable component is important in understanding the extent to which selection can be used 
to improve the response of pigs to PRRSV infection. It is this heritable component that is 
exploited in selection strategies. In conjunction with genetic data it can be used to look at the 
distribution of variation across the genomic variants for use in selection methods. Not only 
do these selection methods mitigate some of the losses associated with disease but regions 
which show heritable effects can be investigated to advance understanding of the virus-host 
interaction. 
Heritability has been estimated under PRRSV challenge, for a number of traits which 
quantified response in terms of specific outcomes. While some studies have dissected 
response using direct measures of disease burden or immunological response (see literature 
review) several have used reproductive traits comparable to those used in this research. 
These methods enable the direct quantification of losses in terms of one of the main 
economic units of pig production (i.e. number of piglets produced).  
Previous studies have provided heritability estimates for reproductive performance traits 
under PRRS outbreaks (Lewis et al., 2009a and Serao et al., 2014). As already pointed out 
before, there is a difference in the models derived in Chapter 2 with regards to those 
presented in both Lewis et al., (2009a) and Serao et al., (2014) in that the models presented 
here include Tof as a fixed covariate. The heritability of the Still trait is generally considered 
low when the trait is corrected for litter size (reviewed in Knol et al., (2002)) whist the 
heritability of litter size itself is higher averaging ~0.10 in the literature (Rothschild & 
Ruvinsky, 2011). Given litter size is shown to have a positive genetic correlation with 
number of stillborn piglets this direct effect may upwardly bias estimates of the heritability 
of the number of stillborn piglets when investigating prenatal and perinatal survival when the 
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total litter size is not accounted for. Heritability estimates of prenatal mortality (Mum, Still 
and Dead) are reported higher when litter size is not accounted for at ~0.17 (i.e. Johnson et 
al., (1999)).  
Lower heritability estimates under normal environmental conditions (i.e. the absence of 
PRRS) may allow for greater contrast of the heritability of mortality in the presence of 
PRRS. Such a contrast could therefore provide a useful genetic signal for exploring additive 
genetic effects attributable to resilience with respect to survival and mortality traits. 
The variation of reproductive response to PRRSV as explored in Rashidi et al. (2014) 
demonstrates similar models to those used in the previous chapter can be used to estimate 
both the effect on the herd in terms of disease status and effect of the individual in terms of 
variation in response. Lacking in pedigree or genetic data however, the effect of the 
individual in the repeatability model (fitted as sow identity) confounds both genetic and 
permanent environmental effects.  
The heritable component of reproductive performance, is explored in Lewis et al., (2009b), 
using similar methods as employed in this study, for farm 1 data described in section 2.02.1. 
Pedigree information was used to estimate genetic parameters for reproductive traits using a 
model similar to the basic model described in the previous chapter, the differences 
highlighted in the Discussion. The Lewis et al., (2009b) study reported low/moderate 
heritabilities (0.12-0.22) in epidemic phase. For disease indicator traits (Mum, Still, Dead, 
Alive, Wean) an increase in heritability estimate is observed in epidemic phase as compared 
to non-epidemic phase as a result of a proportionally greater increase in additive genetic 
variance as compared to environmental variance. Here new Illumina platform 60K SNP data 
is available to use direct genetic data to quantify additive genetic variance for this farm. In 
addition, an independent dataset (farm 2) is available in this study.  
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Serão et al., (2014) estimated genetic parameters for reproductive performance (in addition 
to an analysis of sample to positive ratio of antibody response) in PRRSV epidemic phase 
with 525 litter records. The mixed model used accounts for non-genetic sources of variation 
including the rolling 30-day trait average to, account for the dynamic change in severity over 
the time course of the outbreak, equivalent to alternative model 2 described in the previous 
chapter. In addition Serão et al., (2014) used the Fmor trait, used in the previous chapter 
described in Orrett et al., (2013). Following this analysis low to moderate heritabilities (0.1-
0.12) were reported for the reproductive traits analysed, with many traits showing an 
increase in heritability in epidemic phase as compared to non-epidemic phase. Some traits 
were conflicted by low estimates and high standard errors suggesting issues with statistical 
power.  
As outlined in the general introduction BLUP is the most widely used tool for estimating 
additive genetic variance (σ2A). This process fits a relationships matrix describing the 
pairwise additive relationships within the population. These relationship matrices can take 
several forms but include the additive relationship (A) matrix and a genomic relationship 
matrix (G or GRM). A matrices are calculated using the ancestry defined in a pedigree to 
estimate kinship. G Matrices are calculated comparing genetic data between individuals to 
estimate kinship. These values are used to represent the probability that two alleles at a given 
locus are not just identical by state (IBS), but a result of identity by descent (IBD).  
The A matrix captures only the discrete family relationships detailed in the pedigree and 
assumes that founders are unrelated. This limits the relationships in the matrix to those 
animals for which ancestry is captured in the pedigree. G matrices, in comparing genotypes 
identical-by-state may be more accurate in being able to assess relationships where the 
ancestry is unknown, but can be sensitive to changes in allele frequency in the observed 
population when estimating relationships over a more ancient, unknown, ancestry (Powell et 
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al., 2010). While the G matrix is therefore more accurate, the assumptions used in A matrix 
production can make it more robust to population stratification (Amin et al., 2007). 
This chapter uses pedigree (where available) and genomic information in conjunction with 
models identified in the previous chapter to estimate variance components and heritability 
for reproductive performance of sows during and in the absence of PRRSV outbreaks. Some 
success has been reported in the literature of combining data from different farms to expand 
the sample size and improve power (Gredler et al., 2007; Riggio et al., 2014). For this 
purpose, a joint analysis; combining the data between farms by phase, will also be conducted 
to assess the degree of heritability which may be estimated across all animals available. The 
effect of incorporating the unknown epidemic described in section 2.03.1 (Farm 2) will also 
be considered. 
Demonstrating that resilience of sows to PRRSV, represented by high reproductive 
performance under PRRSV challenge is heritable, is the first step to determine whether 
breeding for resilience is feasible. It may also be used to explore the genomic architecture 
underlying variation of response, in subsequent chapters. 
 Materials and Methods 
3.02.1 Data 
The data used in this chapter is described for farm 1 and for farm 2 in section 2.02.1. Data 
were partitioned into epidemic and non-epidemic phases according to the adapted threshold-
threshold method as described in section 2.02.2. 
Some of the subsequent statistical models were unable to account for repeated records per 
animal. As such, for each analysis, a single record dataset was created containing only one 
record per animal. Where multiple records per animal were available within a phase only one 
was selected (i.e. within ‘Farm 1 epidemic phase dataset’ only one litter record per animal 
was selected in the single record form ‘Farm 1 epidemic phase single record dataset’). 
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Several methods were considered for which record to select (closest record to the peak of the 
epidemic identified in the trend analysis, record with the maximum or minimum number of 
dead piglets etc.). Given a risk of systematic bias occurring from such selection methods the 
‘first record per animal’ in each phase was chosen to mitigate against such biases. Whilst this 
may have favoured earlier parity animals in the single record datasets, given that earlier 
parities are better represented in the data, the parity specific effect is likely to be estimated in 
the model with a smaller error. These heritability estimates are obtained for use in 
subsequent association analyses. 
On both farms, for a subset of animals, SNP genotypes were available generated using the 
Illumina PorcineSNP60 chip (Ramos et al., 2009) see also (Illumina, 2015). For analyses 
using this genetic data the phenotype data was limited to the animals that had genotype data 
and which passed genetic quality control (QC).  
A joint analysis was also run whereby the data from the two farms was combined by phase 
(i.e. non-epidemic/epidemic) to look at potential improvements in power as compared to the 
individual farm analyses. 
Farm 1 
Of the 6,369 records for Farm 1 used in the previous chapter there were 5,307 non-epidemic 
phase records and 1,062 epidemic phase records in the partitioned datasets. Given the 
reduction in the number of records in the epidemic phase, a considerable reduction in the 
number of repeated records was seen in epidemic phase with only 71 sows having repeated 
records. There was insufficient time for a sow to farrow, return to oestrus, conceive and 
farrow again within the same epidemic, as such these repeated records were distributed 
across different epidemics. 1,053 sows had repeated records in the non-epidemic phase. 
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Pedigree Information  
A full pedigree was available for farm 1 covering a maximum of 12 generations, visualised 
in Figure 3.1. In total, the pedigree contained 4,249 animals, 2,691 parents of which 810 
were sires and 1,881 were dams.  
 
Figure 3.1 – Pedigree Visualisation for Farm 1 
A visualisation of the pedigree, connecting sow (red) and sires (blue) to their progeny. 
This pedigree is large and complex and highlights an amount of inbreeding as shown by 
branches spanning multiple generations creating loops in the pedigree. 
Genetic Data  
For farm 1 SNP data was available for 960 animals and for 60,674 SNPs. Quality control 
(QC) was run on the available SNP data. Of the 60,674 SNPs 3,534 had a call rate of less 
than 90% and were excluded, 8,990 had low (<5%) minor allele frequency and were 
excluded, of which 9 SNPs fell into both exclusion categories, leaving 48,141 SNPs passing 
all QC criteria. Of the 960 animals, 41 animals were excluded because of low (<90%) call 
rate, 3 animals excluded because too high autosomal heterozygosity (FDR<1%), 6 were 
excluded because of assumed errors in labelling and/or tracking of samples (corrected 
Identity-by-State (IBS) value > 1). In total 910 animals passed the QC criteria. 
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For analyses using the genetic data the phenotype data was limited to the animals that had 
genotypic data and passed genetic QC. Limiting the phenotypic data to just the sows for 
which genetic data was available and passed QC resulted in 707 sows with 2,219 litters in 
the non-epidemic phase and 605 sows with 651 litters in the epidemic phase.  
 Farm 2  
Of the 5,725 records for Farm 2 used in the previous chapter there were 5,386 non-epidemic 
phase records and 339 epidemic phase records in the two partitioned datasets. In Epidemic 
data including the unknown epidemic this increased to 683. Given there was insufficient 
time for a sow to farrow, return to oestrus, conceive and farrow within the same epidemic, no 
repeated records were observed in the epidemic phase data. When the unknown epidemic 
was included 56 sows had records in data covering both epidemic periods.  
Genetic Data  
For farm 2, no pedigree information was available. However, SNP data was available for 593 
animals and 57,786 SNPs. The same for quality control criteria was applied to these data as 
was applied to farm 1 SNP data. Of the 57,786 SNPs, 476 had a low call rate (<90%), 9,574 
had low (<5%) minor allele frequency and 56 SNPs fell into both exclusion categories, 
leaving 47,680 SNPs passing all quality control criteria. Of the 593 animals, 3 animals were 
excluded because of low (<90%) call rate, 4 animals excluded because too high autosomal 
heterozygosity (FDR<1%), 1 animal was included in both these exclusion categories, leaving 
586 animals passing all quality control criteria. 
Limiting the phenotype data to animals for which genetic data was retained resulted in 585 
sows with 2168 litters in the non-epidemic phase and 276 sows with an equal number of 
litters in epidemic phase, which increased to and 329 sows with 308 litters when the 
unknown epidemic was included. 




QC was performed on the combined farm raw genotype data to account for subtle changes in 
MAF and call rate. SNPs were included where present in both datasets to avoid confounding 
by farm leading to 57,440 SNPs in the joint analysis for 1,553 animals. Of the 57,400 SNPs, 
1021 had a low call rate (<90%,) 8,258 had low minor allele frequency (<5%), an additional 
148 SNPs fell into both exclusion categories, leaving 48,013 SNPs passing all quality control 
criteria. Of the 1,553 animals, 47 animals were excluded because of low (<90%) call rate, 1 
animals excluded because too high autosomal heterozygosity (FDR<1%), 5 animals fell into 
both these exclusion categories and 6 were excluded because of assumed errors in labelling 
and/or tracking of samples (corrected Identity-by-State (IBS) value > 1) in total 1,495 
animals passed quality control criteria. 
3.02.2 Constructing Relationship Matrices  
The A matrix was calculated by ASReml (Gilmour et al., 2008) according to the method 
described by (Meuwissen & Luo, 1992). This calculates relationships based on an equal 
contribution of each parent for each offspring, using a known pedigree, correcting for 
inbreeding. 
The GenABEL package in R (Aulchenko et al., 2007b) was used to run quality control on 
the genomic data, generate principal components and produce the genomic relationship 
matrices (GRMs) in accordance with the  specification  in (Gilmour et al., 2008).  
The G matrix was calculated as described in (Uemoto et al., 2013) based on (Aulchenko et 
al., 2007b). For between distinct individuals (i ≠ j) IBS values this is shown in Equation 3.1 
for self-similarity (i=j) this is shown in Equation 3.2. 





(𝑥 − 𝑝 ) − 𝑥 − 𝑝
𝑝 (1 − 𝑝 )
, (𝑖 ≠ 𝑗) 
Equation 3.1 – Pairwise Identity-by-State calculation between individuals   
 
Where the fij is the identity by state (IBS) between individuals i and j; xik and xjk is the 
genotype of SNP k (of n SNPs) for the ith and jth individuals respectively, coded as: 0, for 
AA; 0.5 for AB and; 1 for BB, and pk is the frequency of the A allele. 





, (𝑖 = 𝑗) 
Equation 3.2 – Self-similarity Identity-by-state calculation  
 
Where Obs(#Hom)ik and Exp(#Hom)ik is the observed and expected number of homozygous 
genotypes (under HWE) at SNP k (of n SNPs) for individual i, respectively.  
The inclusion of for allele frequency (pk) in Equation 3.1 provides a weighting for allele 
frequency and in Equation 3.2a correction is made for observed - expected homozygosity 
(based on allele frequency). This can result in smaller than expected values between 
unrelated individuals (i.e. < 0) and higher than expected self-similarity values (i.e. >1). 
Similarly, the correction made in the A matrix calculation, to correct for inbreeding can lead 
to values >1. This should be taken into account when looking at the plots of the relationship 
matrices. 
Twice the IBS was used to calculate an estimate of IBD for the Genomic Relationship 
Matrix (Amin et al., 2007; Aulchenko et al., 2007b).  
3.02.3 Statistical Analyses  
Response traits included in the analysis (Mum, Still, Dead, Alive, Tof, Fmor, Wean and Gest) 
are described in section 2.02.1 summarised in the appendix in Table A.1. For the Farm 2 and 
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joint analysis Wean was dropped as a trait due to an inability to account for fostering 
decisions on farm 2. The traits Mum, Still and Dead were transformed log(Trait+1). 
Additive genetic variance was estimated fitting a linear mixed model using Restricted 
Maximum Likelihood (REML) (Patterson & Thompson, 1971) using the ASReml 3.0 
package (Gilmour et al., 2009). The general linear mixed model equation is shown in 
Equation 2.1. Using an animal model the additive genetic variance (σ2A) is estimated fitting a 
random effect distributed ~ N(0,  R ∙ σ2A). Where R is the relationship matrix calculated using 
pedigree information (A Matrix) or genomic information (G matrix). In this method both 
fixed effects and the genetic merit of the individuals within the population can be derived 
using the Best Linear Unbiased Prediction (BLUP) (Henderson, 1950). This “genetic merit” 
estimated using the A matrix are termed Estimated Breeding Values (EBVs) or when fitted 
using the G matrix, Genomic Estimated Breeding Values (GEBVs). 
The fixed and non-genetic random effects included in the models for the partitioned data 
analysis mirror those used in the previous chapter. To determine the relevant fixed and 
random effects for the models in the partitioned data the same stepwise backward 
elimination method described in 2.02.3 was used to find the most comprehensive, but 
conservative (in terms of over-fitting) model pertinent to the trait under evaluation. To 
ensure that models were hierarchically well formulated lower order terms are retained (even 
where not significant) when involved in higher order interactions (Kleinbaum et al., 2008). 
Sow line was retained in all models to account for breed effects, regardless of AIC or F-test 
p-value given the considerable breed structure within Farm 1 and the significant Sow Line 
effect demonstrated in the previous chapter for Farm 2. For the joint analysis, the Farm 
identifier (1 or 2) was added as an additional fixed effect. 
Following the stepwise elimination method, the final basic models fit sow line and parity in 
all models, Tof was included as a covariate for the traits. Mum, Still Dead, Alive Gest, and 
(where included) Wean. In farm 1 the sow line × parity interaction was additionally fitted for 
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Alive and Tof traits and the net fostered covariate and Tof × net fostered covariate interaction 
fitted for the Wean trait. Additionally, in the joint analysis the farm fixed effect was 
significant and thus retained in all models. The ‘phase’ term (in the basic model in chapter 2) 
is dropped given the phases are to be assessed separately, providing variance components 
and heritability estimates for each phase (Epidemic/Non Epidemic/Epidemic Including 
Unknown) independently.  
Given the considerable population structure suggested by the breed diversity in farm 1 
principal components were also considered as a means of accounting for stratification, 
parallel to fitting sow line. The first 10 principal components were investigated for their 
ability to account produce K-mean clustering (Liu et al., 2013) mirroring known sow line 
information. Due to the presence of crosses in the data sow lines do not appear as discrete 
clusters and so principal components were included as covariates (Price et al., 2006). The 
first three principal components were included. These were applied to the statistical models 
for both the Farm 1 and Joint analysis though not for Farm 2 (see results). 
To account for differences between the discrete epidemic periods alternative model 1 (Alt.1) 
additionally fits a unique identifier allocated to each epidemic in the partitioning process (see 
2.02.2). In the joint analysis given the hierarchical structure Epidemic ID was nested within 
Farm, while still including a separate Farm specific effect. 
To account for the dynamic trend within each epidemic, in alternative model 2 (Alt.2) a trait 
trend is fitted as a fixed covariate for each epidemic, additional to the Alt.1 terms, as outlined 
in the previous chapter. Similarly, in the joint analysis, this effect was nested within Farm, 
while still including a separate Farm specific effect. 
To account for repeated records (in analyses using multiple record per sow data) a 
repeatability model was included to account for the permanent environmental effect (σ2PE); 
(Lush, 1937). This accounts for the non-genetic effects associated with the shared common 
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environment among littermates, a potential source of bias in estimating additive genetic 
variance. This effect fits the sow identifier as an additional random effect in the model. 
The significance of fixed effects and covariates was assessed under the conditional Wald F-
Statistic and corresponding p-values. The significance of random effects was calculated 
under the Likelihood Ratio Test (LRT) statistic taken following an equal mixture of the 𝜒  
and 𝜒  distributions (Self & Liang, 1987). The LRT was calculated as twice the difference 
between the maximum log likelihood of the model excluding the random term and that of the 
model with its inclusion. While unsuitable for the formal testing of significance the ratio of 
additive genetic variance to its standard error was used as an indicator of power. 
In the first instance, the additive genetic variance was estimated for all traits and models on 
the individual farms by phase (Epidemic, Non-Epidemic and where applicable Epidemic 
Including Unknown). Subsequently the combined farm data was analysed using all traits and 
models to estimate the additive genetic variance in the joint dataset. Finally, to consider the 
impact on power of the various models; the incorporation of the unknown epidemic in the 
analysis; and the combining of the datasets across farms the additive genetic variance, 
standard error and the ratio of the two was also given consideration. 
Additional packages used in the visualisation of data included gdata (Warnes et al., 2015), 
plot3d (Soetaert, 2016), pedigreemm (Vazquez et al., 2010) and Spatstat (Baddeley et al., 
2015) 
Phenotypic variance (σ2P) was calculated as the sum of the environmental (residual) variance 
(σ2E) plus the sum of other variance structures in the model (σ2A and, where fitted, σ2PE). 
Narrow sense heritability (h2) is given as the additive genetic variance component divided by 
the total phenotypic variance (Falconer & Mackay, 1996).  
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 Results 
3.03.1 Farm 1 
Summary statistics for all datasets are presented in Table 2.4. All animals used in the 
analysis in chapter 1 had pedigree records available for A matrix calculation and subsequent 
variance component estimation. Trait means for these are shown in Table 2.4.a. The single 
record dataset selected the first record per sow in each phase for which marginal differences 
are seen in the trait means (Table 2.4.b). Given earlier epidemics were demonstrated to have 
higher impacts, the trait means in the partitioned data can be seen to be slightly higher. For 
the analysis of genotyped animals passing QC, considerably fewer numbers of records are 
available, which also affected the trait means and SEMs (Table 2.4 c). This was also the case 
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A-Matrix  
A visualisation of the additive relationship matrix generated from the pedigree shown as a 
heat plot in Figure 3.2. 
 
Figure 3.2 – Heat Plot of the Additive Relationship Matrix For Farm 1 
Additive relationships showing all sows ordered by sow line and sow identifier (x and y 
axis).  
As can be seen from the range of the key, relationships extend above 1 as a result of 
inbreeding, increasing self-identity by factor F, the inbreeding coefficient. Within line 
relatedness shows a high degree of close familial type relationships of ~0.5 (blue) i.e. 
siblings. Between line relatedness was zero for the most part, except for known sow line 
crosses, which are represented by the off-diagonal blocks of non-zero additive relationships  
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Variance Component Estimates 
For the repeated measures analysis, the additive genetic variance to standard error ratios 
were (generally) higher than for the single record analysis, with the repeated measures 
analysis also showing lower standard errors for the heritability estimate. Marginal 
differences were seen in actual heritability estimate (<0.05). As such results are presented for 
the repeated measures analysis. 
As expected, estimation of a permanent environmental effect was conflicted by low numbers 
of repeated records for the epidemic phase. For estimates generated using the A matrix for 
non-epidemic phase data, significant (p<-0.05) permanent environmental effects could be 
estimated for the traits Tof, Fmor and Gest under the basic model. During the epidemic 
phase, significant permanent environmental effects could only be obtained for Dead, Alive 
and Fmor traits.  
Table 3.2 shows the variance component estimates, heritability and significance of the 
additive genetic variance of the diverse reproductive traits for both, the epidemic and non-
epidemic phases calculated using the A matrix under the repeated measures model. Summary 
statistics for this dataset are shown in Table 2.4.a. 
Results showing variance component estimates, heritability and LRT p-values for random 
effects, using the single record data can be found in the appendix Table A.5. Summary 
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Heritability estimates are very low to moderate, if estimable, during the non-epidemic phase 
for the majority of reproductive performance traits, with values ranging from 0.02 (0.01) for 
Mum to 0.36 (0.04) for Gest. Only the Gest and Tof traits show more moderate heritability 
estimates in non-epidemic phase. With the exception of Gest, heritability estimates are 
higher in the epidemic phase than in the non-epidemic phase. The strongest increase was 
found for the Wean trait, which has an estimated heritability of 0.03 during the non-epidemic 
phase and a heritability of 0.41 during the epidemic phase according to the Basic model. 
These increases in heritability for disease traits in the epidemic phase occur as a result of a 
proportionally greater increase in additive genetic variance than in phenotypic variance. 
Phenotypic variance increases across all traits in the epidemic phase as compared to the non-
epidemic phase.   
When alternative model 1 (Alt.1) was applied to the epidemic phase data, (i.e. when the 
Epidemic ID is fitted as additional fixed effect to account for difference in the severity of the 
PRRSV outbreaks) heritability estimates decreased compared to those obtained by fitting the 
Basic Model. Heritability is only significant for Mum, Still Alive and Gest at p < 0.05. The 
environmental variance remains roughly the same between the basic and alternative 1 
models, the reduction in heritability occurs as a result of a reduction in the additive genetic 
variance.  
When alternative model 2 (Alt.2) was applied to the epidemic phase data, (i.e. when the 
epidemic specific rolling average trait mean is accounted for as a covariate in addition to 
epidemic ID), heritability estimates for reproductive traits decreased even further. 
Heritability became inestimable or not significantly different from zero for all traits except 
for Gest, for which heritability was approximately 0.2. In contrast, fitting the rolling trait 
average in the models of the non-epidemic phase data had hardly any noticeable effect on the 
heritability estimates.  
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G Matrix  
The G matrix was calculated as per the method described in section 3.02.2, this is shown as a 
heat plot in Figure 3.3. Note the diagonal symmetry and maximum numbers ~1 lying on the 
diagonal. It shows, generally, higher relationships within genetic lines and lower levels 
between genetic lines. 
 
Figure 3.3 – Heat Plot of the Genomic Relationship Matrix for Farm 1 
Heatmap of the genomic relationship matrix calculated using SNP data (see section 3.02.2). 
Ordered by sow line and sow identifier. 
There are a number of inconsistencies within and between genetic lines. These were checked 
within the data and were found to be accurate based on the information provided. Erroneous 
values could however occur due to mislabelling of animals; or the observed patterns could be 
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an artefact of ordering within sow line, by sow identifier (which increase over time). This 
ordering by time means that changes in decision making along the course of breeding 
programmes could show as abrupt changes in the nature of relationships. Without further 
information to warrant the removal of these animals from the analysis all animals were 
retained and principal components explored for further consideration of population structure. 
The differences in within line and between line relationships in Figure 3.3 suggests 
stratification in the population with distinct groups being identifiable. Whilst fitting sow line 
may partly capture this further consideration was made given the inconsistencies in sow line 
described above, and because of different degrees of relatedness between sow lines. The first 
10 components were plotted to investigate those which show clustering by known sow line 
information, following this the first three principal components were selected for inclusion in 
the statistical model, as shown in Figure 3.4. 
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Figure 3.4 – First Three Principal Components by Sow Line for Farm 1 
Sow lines are shown by distinct colours and shapes. Sow lines plotted using these principal 
components show clustering according to known sow line information, with some sow lines 
genetically more similar than others. 
Variance Component and Heritability Estimates  
For the repeated measures analysis, the additive genetic variance to standard error ratios 
were (generally) higher than for the single record analysis, with the repeated measures 
analysis showing lower heritability estimate standard errors. Marginal differences were seen 
in actual heritability estimate (<0.05). As such results are presented for the repeated 
measures analysis, summary statistics for these data are shown in Table 2.4.c. 
Table 3.3 shows the variance component estimates, heritability and significance of the 
additive genetic variance of the reproductive traits under the repeated measures model for the 
non-epidemic phase and epidemic phase. Results from the single record analysis are shown 
in the appendix in Table A.6, summary statistics for these data are shown in Table 2.4.d. 
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Similar to the A matrix, estimation of a permanent environmental effect was conflicted by 
low numbers of repeated records for the epidemic phases. For estimates generated using the 
G matrix for non-epidemic phase data, significant (p<-0.05) permanent environmental 
effects could be estimated for the traits Dead Alive Tof and Fmor under the basic model. 
During the epidemic phase, significant permanent environmental effects could only be 
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Under the basic model for the non-epidemic phase, no significant heritable component could 
be estimated for the majority of traits except for Mum, Tof and Gest. In contrast, in epidemic 
phase basic model heritability estimates are significantly different from zero (p<0.05) for all 
traits except Mum and Dead which only indicate a significant heritable component at p<0.1. 
A moderate heritability estimate is generated for the Wean trait at h2=0.31. Under the G 
matrix, in epidemic phase h2 estimates are comparable to the A matrix estimates for Still at 
0.16 (cf. 0.18 under the A-matrix) and Gest at 0.24 (cf. 0.21 under the A-matrix). In the other 
traits indicting a significant heritable effect in the epidemic phase under the G matrix (Mum, 
Alive, Tof and Fmor), a slightly smaller through not significant difference in h2 estimate were 
obtained with the G Matrix.  
Compared to the Basic Model, alternative model 1 applied to the epidemic phase data 
showed that heritability is considerably reduced for most traits as a result of a reduction in 
the genetic variance component. Heritability is estimable and significant only for the traits 
Still, Wean and Gest. The Still, and Wean disease indicator traits still have a higher 
heritability estimate in the epidemic phase compared to the basic model non-epidemic phase. 
In line with the results using the A matrix, heritability estimates for most reproductive traits 
decreased further when the alternative model 2 (Alt.2) was fitted to the epidemic phase data. 
Also in line with the pedigree-based models, fitting the rolling trait average in the models of 
the non-epidemic phase data had hardly any noticeable effect on the heritability estimates. 
Across all the traits a reduction is seen in the actual additive genetic variance estimated using 
the G matrix as compared to the A matrix  
Joint Estimation of the Pedigree and Genomic Variance Components 
To investigate whether the variance explained by the two separate matrices (A and G) 
showed evidence of confounding the two matrices were fit simultaneously to compare their 
relative variance estimates. Heritability was calculated as the sum of the additive genetic 
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variance components calculated under the A and G matrices divided, by the phenotypic 
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Generally additive genetic variance is primarily seen under either the A or G matrix. This 
indicates that the two matrices are not independent in terms of representing the relationships 
in the population, and that most of the genetic variance in the trait of interest is captured by 
the A matrix. This demonstrates, as expected, considerable confounding of the relationships 
described by the two matrices. Whilst some inflation of the heritability is observed (as 
compared to the A matrix estimate) this is within the standard error suggesting no significant 
change in overall estimate. 
3.03.2 Farm 2  
There was no pedigree information available for farm 2. Considerably fewer numbers of 
records are available than for the analysis in chapter 2 for the generation of the G matrix; 
requiring animals that are both genotyped and pass genetic QC. Multiple records were only 
available for non-epidemic phase data and epidemic including unknown phase data, for 
which single record datasets were also created. In keeping with the aims of the research, in 
the single record data litter records were favoured from the PRRSV confirmed epidemic 
leading to an unequal number of litters from the PRRSV confirmed epidemic (n=276) as 
compared to the unknown epidemic (n=53). This reduction in records in the single record 





































































































































































































































































































































































































































































































































































































































































































































































































































































Genetic Variation of Sow Reproductive Performance in the Absence of and During PRRSV Outbreaks 
114 
G-Matrix  
A plot of the genomic relationship matrix for farm 2 animals is shown in Figure 3.6. Note a 
lack of between line distinction. This is as animals belong to the same crosses from the same 
breeding stock with only slight differences in breeding objectives. 
 
Figure 3.5 – Heatmap of the Genomic Relationship Matrix for Farm 2 
Heatmap of the genomic relationship matrix calculated using SNP data (see section 3.02.2). 
Ordered by sow line and sow identifier. 
The dominating patterns observed in the data are an artefact of sorting by sow identifier 
(which increase over time). This ordering by time means that changes in decision making 
along the time-course of the breeding programmes, show as distinct changes to relationships 
within lines. The comparatively minor distinctions between lines become more apparent if 
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we zoom in on a smaller subset of animals shown in Figure 3.6, intended to equalise the 
representation of each line, reducing the number of animals in the plot and allowing better 
contrasts to be made by individual. Here only the first 50 animals from the first sow line are 
included in the plot. 
 
Figure 3.6 – Heatmap of the Genomic Relationship Matrix for Subset of Farm 2 Animals 
Heatmap of the genomic relationship matrix calculated using SNP data (see section 3.02.2). 
Shown ordered by sow line and sow identifier. First 50 animals from the first line are 
included against all animals from second and third lines.  
Minor differences can now be seen in IBD between the lines, while the overriding patterns 
dominating the matrix are still seen as families. 
Genetic Variation of Sow Reproductive Performance in the Absence of and During PRRSV Outbreaks 
116 
A plot of the first three principal components for farm 2 is shown in Figure 3.7. These 
partition a cluster which appears to be a within line family rather than a between line cluster.  
 
Figure 3.7 – First Three Principal Components by Sow Line for Farm 2 
Sow lines are shown by distinct colours and shapes.  
This is consistent with the heat plot of the kindship matrix in Figure 3.6 which showed minor 
distinction between breeding line groups. The patterns dominating the IBS matrix plots are 
“family”. It is therefore expected that principal components from this data would isolate 
family differences as opposed to line differences. As such principal components were not 
used in estimating variance components for Farm 2. 
Variance Component and Heritability Estimates  
Variance component estimates, heritability and LRT p-values for random effects are shown 
in Table 3.6, for the epidemic and non-epidemic phases. No repeated records per sow were 
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available in the epidemic phase (Epidemic 4 in Table 3.5) as such no permanent 
environmental effect could be fitted in the model. In the non-epidemic phase, a considerable 
reduction is seen in the number of records between the multiple record data (n=1,684) as 
compared to the single record data (n=585) as such the repeated measures model is 
presented. Alternative model 1 where the individual epidemic effect is considered was not 












































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Genetic Variation of Sow Reproductive Performance in the Absence of and During PRRSV Outbreaks 
119 
In the non-epidemic phase, all traits show a significant heritable effect according to the LRT 
(p<0.05), according to both, the Basic and Alt2 model (Table 9). For the epidemic phase, 
heritability estimates were not significantly different from zero for all reproductive traits 
considered, though indicated for the Still trait at P=0.06. Actual heritability estimates, as well 
as standard errors, were larger for the epidemic phase, suggesting insufficient statistical 
power to detect heritability of reproductive traits in farm 2.  
Interestingly where a significant additive genetic component is indicated (P<0.1) for the Still 
trait and using the Alt.2 model for Alive and Fmor traits, a proportionally greater increase is 
seen using the Alt.2 model as compared to the basic model. This is contrary to the pattern 
observed in the farm 1 estimates where a heritable effect could not be demonstrated under 
the Alt.2 model. 
Results from the single record analysis of the non-epidemic phase is shown in the appendix 
Table A.7. As expected calculation of an additive genetic variance component is limited by 
the considerable reduction in the number of records, with an increase observed in the 
standard error of the estimate. Only the Gest trait shows a significant (P<0.05) heritable 
component above zero in these data (observed in both Basic and Alt.2 models applicable to 
these data). A heritable effect is indicated in the Still and Dead traits at P<0.1. 
Variance components and heritability was also estimated in data including the unknown 
epidemic. Given the low numbers of repeated records a significant permanent environmental 
effect could not be demonstrated in these data. Results from the Single record analysis are 
shown in Table 3.7. Summary statistics for this dataset are shown in Table 3.5.a. 
Genetic Variation of Sow Reproductive Performance in the Absence of and During PRRSV Outbreaks 
120 
Table 3.7 – Farm 2 Variance Components and Heritability Estimated Using the G Matrix 
Single Record Data for Epidemic Including Unknown Phase 
Trait Model σ2A (SE) σ2E (SE) σ2P (SE) h2 (SE) σ2A LRT P 
Mum¥ Basic 0.03 (0.03) 0.23 (0.03) 0.25 (0.02) 0.1 (0.11) 0.18 
Still¥ Basic 0.06 (0.04) 0.28 (0.04) 0.34 (0.03) 0.18 (0.12) 0.03 
Dead¥ Basic 0.01 (0.04) 0.4 (0.05) 0.42 (0.03) 0.03 (0.1) 0.47 
Alive Basic 0.71 (0.57) 3.95 (0.54) 4.66 (0.39) 0.15 (0.12) 0.04 
Tof Basic 0.79 (1) 8.01 (1.03) 8.81 (0.72) 0.09 (0.11) 0.17 
Fmor Basic 3×10-3 (3×10-3) 0.02 (3×10-3) 0.02 (2×10-3) 0.13 (0.12) 0.08 
Gest Basic 0.09 (0.26) 2.06 (0.27) 2.16 (0.18) 0.04 (0.12) 0.5 
Mum¥ Alt.1 0.02 (0.03) 0.23 (0.03) 0.25 (0.02) 0.08 (0.11) 0.25 
Still¥ Alt.1 0.06 (0.05) 0.28 (0.04) 0.34 (0.03) 0.18 (0.12) 0.03 
Dead¥ Alt.1 0.02 (0.04) 0.4 (0.05) 0.42 (0.03) 0.04 (0.1) 0.43 
Alive Alt.1 0.74 (0.58) 3.92 (0.55) 4.66 (0.39) 0.16 (0.12) 0.04 
Tof Alt.1 0.75 (1.01) 8.08 (1.04) 8.82 (0.72) 0.08 (0.11) 0.19 
Fmor Alt.1 3×10-3 (3×10-3) 0.02 (3×10-3) 0.02 (2×10-3) 0.14 (0.12) 0.07 
Gest Alt.1 0.15 (0.27) 2.01 (0.27) 2.16 (0.18) 0.07 (0.12) 0.37 
Mum¥ Alt.2 0.03 (0.03) 0.21 (0.03) 0.24 (0.02) 0.13 (0.13) 0.16 
Still¥ Alt.2 0.06 (0.04) 0.28 (0.04) 0.34 (0.03) 0.17 (0.13) 0.05 
Dead¥ Alt.2 0.02 (0.04) 0.4 (0.05) 0.41 (0.03) 0.04 (0.1) 0.41 
Alive Alt.2 0.82 (0.6) 3.82 (0.55) 4.64 (0.39) 0.18 (0.12) 0.03 
Tof Alt.2 0.73 (1.01) 8.13 (1.05) 8.86 (0.73) 0.08 (0.11) 0.2 
Fmor Alt.2 4×10-3 (3×10-3) 0.02 (3×10-3) 0.02 (2×10-3) 0.16 (0.12) 0.06 
Gest Alt.2 0.06 (0.24) 2.03 (0.26) 2.08 (0.17) 0.03 (0.12) 0.64 
¥Transformed log(trait + 1). - denotes inestimable. 
An improvement is seen when the unknown epidemic is included, with more disease traits 
showing a significant genetic effect. Heritability estimates significantly different from zero 
(p<0.05) are found for the Still and Alive traits and indicated for Fmor at p=0.08 with the 
basic model. For these traits when the epidemic effect was taken into account (Alt.1) the 
heritability increased slightly.  When a dynamic by epidemic trend is taken into (Alt.2) a 
heritable effect was also demonstrated for Still, Alive and Fmor traits (p<0.06), the 
heritability estimates increasing marginally for the Alive and Fmor traits.  
For the traits Still, Alive and Fmor a common heritability is demonstrated facing 
reproductive challenge from (most likely) different etiological agents (Table 3.7).  
Results are shown in the appendix Table A.8 for the repeated measures analysis for the 
epidemic including unknown phase. An additional 104 litter records from the unknown 
epidemic (5) are added to the 276 records from epidemic 4 shown in Table 3.5.b. In these 
data, a consistent heritability of 0.13 (s.e. 0.09) was demonstrated for the Still trait in the 
Basic (p=0.04), Alternative 1 (p=0.06) and Alternative 2 (p=0.07) models. 
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3.03.3 Joint Analysis 
In the combined data analysis 3,903 records from 1,292 sows were available for non-
epidemic phase analysis.  
G-Matrix  
The G matrix calculated for the joint data is shown in Figure 3.8. This shows the same 
patterns from the two separate matrices combined and identifies some of the sow lines in 
farm 1 were crossed to create the sow lines on farm 2.  
 
Figure 3.8 – Heatmap of the Genomic Relationship Matrix for Joint Farm Data 
Heatmap of the genomic relationship matrix calculated using SNP data (see section 3.02.2). 
Ordered by sow line and sow identifier. 
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Using the same methodology as applied to farm 1 the first three principal components were 
fitted as additional covariates in the model. These are shown plotted in Figure 3.9.  
 
Figure 3.9 – First Three Principal Components by Sow Line for Joint Farm Data 
Farm 1 (○) and Farm 2 (△) principle components on SNP data different, sow lines are shown 
with different colours.  
Clustering can be seen between farms though some overlap is observed among sow lines of 
different farms, consistent with sow lines on farm 2 belonging to the same cross as some 
animals on farm 1. 
Variance Components and Heritability Estimates  
While similar problems, concerning repeated measures, are observed in the joint farm 
analysis as are seen in the individual farm analyses, generally larger additive genetic 
variance to standard error ratios are observed for epidemic phase estimated under the 
repeated measures analysis as compared to the single record analysis. As before, variance 
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components, heritability and random effect LRT p-values are shown in Table 3.8 for both 
non-epidemic and epidemic phases under the repeated measures model, as these indicate 
increased power. 
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In epidemic phase, basic model, all traits show a significant (P<0.05) heritable genetic effect 
except for Mum where an effect is indicated at P=0.06. When the epidemic effect is taken 
into account in the model (Alt.1), a reduction in the size of the additive genetic variance is 
seen with corresponding p-values only significant at P<0.1.  
No significant heritable genetic effect greater than zero is detected in the model where the 
dynamic epidemic trend (Alt.2) is taken into account. 
A heritable genetic effect is detected in the joint analysis for the Basic and Alt.1 models. 
While improvements are seen in the power of the analysis, as compared to individual farm 1 
estimates, the size of the additive genetic variance estimate is limited by poor (<2) estimate 
to standard error ratios for some traits. In the basic model traits showing higher estimate to 
standard error ratio are seen for Still (2.98), Tof (1.81) Fmor (1.83) and Gest (3.08). 
In the joint analysis consideration was also made for the incorporation of the unknown 
epidemic. In this analysis records were available for 1,031 litters from 934 sows with 97 
sows having repeated measures. Estimates of variance components and heritability along 
with the LRT P-values of the random effects are shown in Table 3.9. Data from the single 
record analysis of Joint Farm data is shown in the appendix Table A.10. 
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Table 3.9 – Joint Farm Variance Components and Heritability Estimated Using the G 
Matrix with Multiple Record Data Epidemic Including Unknown Phase 








Mum Basic 0.03 (0.02) 0.03 (0.06) 0.48 (0.06) 0.53 (0.02) 0.06 (0.04) 0.04 0.46 
Still Basic 0.07 (0.02) 5×10-8 (3×10-9) 0.35 (0.02) 0.42 (0.02) 0.16 (0.05) 6×10-4 1 
Dead Basic 0.04 (0.03) 0.12 (0.07) 0.47 (0.06) 0.63 (0.03) 0.07 (0.05) 0.05 0.05 
Alive Basic 0.76 (0.52) 3.01 (1.1) 6.53 (0.99) 10.3 (0.49) 0.07 (0.05) 0.03 0.01 
Tof Basic 0.88 (0.48) 1.16 (0.91) 6.77 (0.87) 8.81 (0.42) 0.1 (0.05) 0.01 0.09 
Fmor Basic 0.01 (5×10-3) 0.03 (0.01) 0.05 (0.01) 0.09 (4×10-3) 0.1 (0.05) 4×10-3 1×10-3 
Gest Basic 0.81 (0.28) 0.04 (0.47) 3.62 (0.48) 4.46 (0.22) 0.18 (0.06) 2×10-4 1 
Mum Alt.1 0.03 (0.02) 3×10-7 (2×10-8) 0.49 (0.03) 0.52 (0.02) 0.05 (0.04) 0.06 1 
Still Alt.1 0.05 (0.02) 2×10-7 (1×10-8) 0.36 (0.02) 0.41 (0.02) 0.13 (0.05) 2×10-3 1 
Dead Alt.1 0.03 (0.03) 0.07 (0.07) 0.5 (0.07) 0.6 (0.03) 0.06 (0.05) 0.07 0.18 
Alive Alt.1 0.55 (0.48) 1.67 (1.2) 7.69 (1.16) 9.92 (0.47) 0.06 (0.05) 0.07 0.13 
Tof Alt.1 0.71 (0.47) 1.13 (0.93) 6.88 (0.89) 8.72 (0.41) 0.08 (0.05) 0.03 0.1 
Fmor Alt.1 0.01 (4×10-3) 0.03 (0.01) 0.05 (0.01) 0.08 (4×10-3) 0.09 (0.05) 0.01 0.01 
Gest Alt.1 0.78 (0.28) 0.5 (0.47) 3.09 (0.44) 4.38 (0.21) 0.18 (0.06) 3×10-4 0.17 
Mum Alt.2 0.02 (0.02) 8×10-8 (4×10-9) 0.43 (0.02) 0.45 (0.02) 0.04 (0.04) 0.13 1 
Still Alt.2 0.02 (0.02) 0.04 (0.04) 0.3 (0.04) 0.35 (0.02) 0.05 (0.05) 0.18 0.2 
Dead Alt.2 0.01 (0.02) 0.05 (0.06) 0.44 (0.06) 0.5 (0.02) 0.02 (0.04) 0.3 0.25 
Alive Alt.2 0.24 (0.39) 0.79 (1.11) 7.31 (1.09) 8.34 (0.39) 0.03 (0.05) 0.26 0.34 
Tof Alt.2 0.72 (0.47) 0.96 (0.92) 6.94 (0.89) 8.62 (0.41) 0.08 (0.05) 0.02 0.15 
Fmor Alt.2 3×10-3 (3×10-3) 0.02 (0.01) 0.04 (0.01) 0.07 (3×10-3) 0.05 (0.04) 0.11 0.04 
Gest Alt.2 0.77 (0.27) 0.52 (0.46) 2.97 (0.43) 4.27 (0.21) 0.18 (0.06) 2×10-4 0.17 
¥Transformed log(trait + 1). - denotes inestimable.  
As shown in Table 3.9, all reproductive traits show a significant (p<0.05) additive genetic 
variance with lower standard errors than in the analysis excluding the unknown epidemic. 
When the epidemic effect is taken into account in the Alt.1 model, all traits indicate an effect 
at P<0.1, with Still Tof and Fmor significant at P<0.05). Only Tof and Fmor traits show a 
significant (P<0.05) heritable effect when the dynamic epidemic effect is accounted for in 
Alt.2. 
Fewer traits show a significant additive genetic effect in the single record analysis than using 
multiple records per animal. In epidemic phase basic models, the disease traits Still and 
Fmor, and the non-disease traits, Tof and Gest show a significant (P<0.05) additive genetic 
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variance. Other disease traits (Mum, Dead and Alive) indicate an effect at P < 0.1, with 
estimates slightly greater than their standard error.  
 Discussion 
3.04.1 Summary of Main Findings 
Heritability and variance components have been estimated in the available data. Across the 
analyses heritability estimates show an increase in epidemic phase across all the disease 
indicator traits (Mum, Still, Dead Alive and Fmor) identified in chapter 2. These increases 
occur as a result of a proportionally greater increase in additive genetic variance (σ2A) than 
phenotypic variance. The estimates themselves vary between analysis and model. 
In the Farm 1 analyses the highest heritability estimates were seen under the basic model 
using the A matrix. The highest reported value was for the Wean trait at 0.41 (s.e. 0.08) in 
the epidemic phase. The remaining disease indicator trait using the basic model with the A 
matrix (Mum, Still Dead Alive and Fmor) ranging from 0.16 (s.e. 0.06) to 0.14 (s.e. 0.06) in 
epidemic phase. These low/moderate estimates contrast with very low estimates for disease 
indicator traits in the non-epidemic phase between 0.02 (s.e. 0.01) and 0.04 (s.e. 0.01).  
Using the G matrix many estimates showed a slight reduction in both additive genetic 
variance and heritability from those estimated using the A matrix for most traits (Mum, 
Dead, Alive, Tof, and Fmor). The Still trait however shows a consistent estimate using both 
the A and G Matrix under both the Basic (h2 = 0.16) and Alt.1 (h2~0.09) models, for which a 
significant h2 estimate was obtained.  
The discrepancies in h2 estimates between the G and A matrix for some traits could be the 
result of a couple of factors. ‘Missing heritability’ has been the source of much research in 
the literature (reviewed in Manolio et al., (2009)). Some of the explanations for missing 
heritability put forward explore the potential confounding within pedigree relationships of 
both permanent environmental effects and sampling bias with respect to non-additive genetic 
Genetic Variation of Sow Reproductive Performance in the Absence of and During PRRSV Outbreaks 
129 
and additive genetic interactions. It is also possible that the assumptions included in the 
calculation of the A matrix are more robust to the population architecture (Amin et al., 
2007).  
By fitting the A and G matrix simultaneously evidence was shown of substantial 
confounding between the A matrix and the G matrix. The A matrix absorbing a large 
proportion of the additive genetic variance. Only the Wean trait in Epidemic Phase and the 
Tof trait in non-epidemic phase showing a significant effect under in both additive genetic 
components, in both cases most of the variance was captured by the A matrix.  
Across all Farm 1 analyses the alternative models reported lower additive genetic variances, 
and as a result lower heritabilities than the basic models. In most cases under alternative 
model 2, in epidemic phase, additive genetic variance was inestimable. Interestingly, in the 
non-epidemic phase when trait trends are fitted no impact on heritability and additive genetic 
variance estimates was observed. This either suggests that in epidemic phase the epidemic 
effect not only captures environmental differences in exposure, but absorbs genetic effects or 
it could highlight some inflation of the basic model estimates by cohort effects. 
In farm 2, with considerably fewer animals, where only the Still trait indicated (p=0.06) a 
significant additive genetic variance in epidemic phase providing an heritability estimate of 
0.18 (0.14). The low numbers involved providing insufficient power to detect a heritable 
effect in all traits.  
Proportionally greater increases are seen in the genetic component as compared to the 
corresponding standard error for farm 2 using alternative model 2 as compared to the basic 
model across traits. While an additive genetic variance was only indicated at P<0.08 for the 
Still Alive and Fmor traits, this pattern was repeated in non-epidemic phase with all traits 
showing the improvement. This contrasts Farm estimates 1 where under Alternative model 2 
a reduction in additive genetic variance, additive genetic component to standard error ratio 
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and heritability are seen as compared to the basic model. While accounting for the magnitude 
of epidemic severity is intuitively required when estimating additive genetic variance, it 
would appear that on farm 1, either the genetic component is confounded in epidemic ID or 
that a reduction in power to estimate effects limits the calculation of an additive genetic 
component in this model.  
The different response of the two farms to alternative model 2 is interesting. One of the most 
noticeable difference between the animals on farm 1 and the animals on farm 2 is breed 
diversity. It may be that using a cohort based estimate of disease outcome confounds more of 
the genetic effect in the more diverse population than in a more homogenous one. A 
downward bias of heritability estimation has been shown for resilience type traits if by fitting 
cohort estimates of disease burden you confound resistance (Doeschl-Wilson et al., 2012). 
In the joint farm analysis, a statistically significant heritable component was observed for all 
traits (p<0.05) except for Mum in which an effect was indicated at p=0.06. These h2 
estimates are similar to the estimates generated for the farm 1 analysis. Low power limits the 
conclusions which can be made regarding the contribution of the farm 2 h2 estimates which 
were generally higher. Farm 1 made a greater contribution in terms of number of animals 
than farm 2 with 605 and 329 sows incorporated into the genetic analysis respectively.  
Evidence was seen for increased power in the joint analysis, as compared to the individual 
farm analyses for all traits (except Alive) and models, as proportionally greater increases in 
additive genetic variance estimate than corresponding standard errors. The most considerable 
improvements to power were seen in the joint, repeated measures analysis, where data 
including the unknown epidemic was used. An increase in the additive genetic variance to 
standard error ratio is observed across traits and models as compared to both the joint 
analysis and the individual Farm 2 analysis where the unknown epidemic is included. 
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Across farms and models, a consistent heritability of ~0.17 was estimated for the Still trai 
While in farm 1 this dropped slightly in alternative model 1 and was inestimable in model 2, 
this was consistent with the pattern observed for other traits between models in this farm. 
The genetic variance for Fmor, was also broadly significant across analyses using the Basic 
and Alternative model 1. Exceptions to this were for Farm 1, G matrix, alternative model 1 
(p=0.09) and the basic model for Farm 2, though here a heritable effect was indicated under 
alternative model 2. While raised in the farm 1 a matrix estimates, heritability for Fmor was 
fairly consistent at ~0.1 under the basic model reducing to ~0.07 under alternative model 1 
where an effect is indicated, this increased to 0.167 (p=0.074) for alternative model 2 for 
farm 2. In the joint farm analysis, it remained fairly consistent between basic and alternative 
model 1, though a slight reduction was seen between multiple record and single record 
analyses with estimates of ~0.075 and ~0.11 respectively. 
3.04.2 Comparisons with Previous Studies 
As discussed in the introduction differences in model limit direct comparison with 
previously published literature given the models used here account for Tof as a fixed 
covariate. Despite this difference very similar heritability estimates are generated here for 
Mum, Still, Dead, Alive and Tof under comparable A-matrix analysis using the basic model 
as were observed in (Lewis et al., 2009b). A considerably greater heritability is observed for 
the Wean trait (0.407 s.e. 0.08 cf. 0.15 s.e  0.03). This is probably due to a slightly modified 
definition of disease phase and the changes made to the model. For example, in this study the 
model for the Wean trait additionally includes the interaction between the fostering numbers 
(Net Fostered) and total litter size (Tof). While the risks associated with fostering have been 
demonstrated in the literature (Mccaw, 2000) intuitively, risk of pre-weaning losses will 
occur as a function of both the litter size (Tof) and the numbers of animals fostered, as 
measures of the relative risks posed by the numbers in each group. 
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Non-epidemic phase Alive trait estimates are considerably lower than those reported in the 
literature at 0.07-0.11 (Holm et al., 2004; Serenius et al., 2004; Lewis et al., 2009b; Vidovic 
et al., 2012; Sevón-Aimonen & Uimari, 2013; Serão et al., 2014). This was attributed to the 
effect of fitting the Alive trait conditional on the Tof as a covariate. When the Tof covariate 
was dropped from the model the heritability for Alive increased to ~0.075 across both farms 
and in the joint analysis (±0.005), consistent with previous estimates. Low non-epidemic 
phase estimates are consistent with those published in the literature for Still when litter size 
is included as a covariate (Knoll 2002). Estimates of heritability presented for Tof itself at 
0.07-0.14 are consistent too with previously reported published average of 0.10 (Rothschild 
& Ruvinsky, 2011). 
It is worth noting too that in the previous study the permanent environmental effect, while 
originally fitted, was dropped as a result of a lack of significance. This was observed for 
many traits here most likely a result of a lack of repeated records given the timescales 
involved in epidemic duration, rather than a lack of a permanent environmental effect. For 
the Dead Alive and Fmor traits a statistically significant permanent environmental variance 
was demonstrated in these data though could not be shown for Mum or Still possibly owing 
to narrower phenotypic variance. Retaining the permanent environmental effect, regardless 
of the demonstration of a significant variance component, guards against this potential 
source of bias in the estimation of the additive genetic variance. 
The use of the counts of the various reproductive outcomes as a quantitative trait was 
favoured here as compared to the binary analysis, used as a resistance type trait in the 
previous study. Using the arbitrary threshold employed in Lewis et al., (2009b) to convert 
the quantitative trait to a binary outcome exposes the analysis to inaccuracies of 
classification of animals as diseased or healthy discussed in the previous chapter.  
The heritability estimates generated by (Serão et al., 2014) for an independent dataset used a 
similar model to that described in alternative model 2 (Alt.2), though omits litter size as a 
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covariate. Whilst here farm 1 data failed to generate estimates under the Alt.2 Model, the 
additive genetic variance estimated on farm 2 appear more robust to the fitting of trait trend 
which generated indicative (p= 0.06-0.08) results for Still (h2=0.19 s.e. 0.15) Alive (h2=0.17 
s.e.0.14) and Fmor (h2=0.17 s.e. 0.14). These are slightly greater than the estimates in Serão 
et al., (2014). They however are more in keeping with the approximate Basic model 
estimates on this farm, and the A matrix estimates generated under the basic model for farm 
1. It is also worth noting that the non-epidemic (“Pre-PRRS Phase”) heritability estimates 
presented in Serão et al., (2014) are considerably greater than those presented here. This is 
attributed to the effect of including Tof as a covariate. 
The estimates provided in Serão et al. 2014 do not show a h2 increase in disease phase the 
Mum, Still and Fmor traits as compared to non-epidemic phase. Heritability estimate to 
standard error ratios are low for these traits (<1.16) indicating potential issues of power. 
Given that σ2A values were not provided in Serão et al., (2014) it is not possible to see 
whether the reductions seen in epidemic phase heritability occur due as a reduction in σ2A or 
as a result of proportionately greater increase in σ2P than σ2A; the latter would still indicate a 
genetic component in response to PRRSV, additional to an effect in the absence of PRRSV. 
For the remaining traits in Serão et al., (2014), comparable to those used in this research 
estimates are presented for Mum (h2=0.08), Alive (h2=0.09) and Dead (h2=0.12), which 
generally concur with the order of magnitude of the estimates presented here except for the 
Wean trait where the same differences in model are noted as with the Lewis et al., (2009b) 
study. 
Genetic variance was demonstrated too for reproductive performance traits in data including 
the unknown epidemic. In the joint analysis, comparing the additive genetic variance and 
standard error between the confirmed epidemic and analysis where the unknown epidemic is 
included a small decrease is seen in estimate, though a proportionally greater decrease is 
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seen in the standard error suggesting improvements in power. In these data the unknown 
epidemic represented 23% of the litters.  
3.04.3 Further Work 
This study was restricted to univariate analysis. Further work could explore multi-variate 
analyses to explore the genetic correlations between traits. A recent study by Lough et al., 
(2017) suggests using a multivariate genetic covariance analysis that a performance in the 
absence of infection (body weight), resistance (control of virus replication) and performance 
under infection (growth rate under challenge), show a strong positive genetic correlation 
(also reported in Hess et al., (2016) and Boddicker et al., (2012)). However, the correlation 
was significantly different from 1, suggesting that the variation in resilience is not fully 
accounted for by genetic variance in resistance or performance in the absence of infection. 
These analyses provide useful insights into the complex relationships of the components of 
resilience. 
Some success has been achieved in looking at the genetic basis of variance from distant 
populations (Hayes et al., 2009c; Riggio et al., 2014; Hess et al., 2016). A method applied in 
these studies considers separate populations as distinct in the G matrix by setting 
relationships between separate populations to zero. Given relationships described using 
pedigree data for Farm 1 give considerably larger variance estimates than the relationships 
estimated using SNP data it is possible that population differences impede the ability of the 
G matrix to accurately represent IBD. If this is the case then it may be possible to modify the 
G matrix such that it better represents IBD with a view to capturing more of the variance that 
is demonstrated using the A matrix. This will be explored further in later chapters. 
The results from the analysis including the unknown epidemic suggest that the threshold-
threshold method employed in Lewis et al., (2009a) could be used to identify epidemics on 
the basis common clinical signs (independent of aetiology), which can then be used to test 
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for a common genetic “robustness to increases in reproductive failure” across aetiologies. 
Exploiting a common outcome to look for genetic merit against multiple pathological causes. 
While it is improbable that the unknown epidemic is PRRSV, further work using confirmed 
epidemics of different pathogens would be needed to formally establish this, given the 
unknown cause of epidemic 5.  
3.04.4 Conclusion 
A heritable signal has been demonstrated for reproductive performance in these data. These 
broadly concur with estimates of similar studies, though a considerably higher heritability is 
reported for the Wean trait. The models used in this analysis were designed to account for 
environmental sources of variation of reproductive outcomes with specific reference to 
population structure and permanent environmental effects. For all disease indicator traits 
where a significant heritable effect is reported show an increase in additive genetic 
component with regards to the same component in data where PRRSV is not detected. This 
demonstrates that selection methods can be employed to improve the host with regards 
reproductive success under PRRSV challenge. 
Epidemiological factors were also considered using alternative models designed as part of 
this research. The reduction in genetic effect using the alternative models, seen in Farm 1 
and the joint analysis could suggest confounding of the genetic effect. Given a lack of 
additional data it is not possible to explore this further. Whilst estimates of heritability are 
congruent with previously reported estimates to account for any bias which could occur by 
accounting for variation between and within epidemic. 
Combining the datasets in a joint analysis improved statistical power, in the joint analysis a 
significant additive genetic variance was demonstrated across all disease indicator traits. 
Similarly, including data from an unknown epidemic as a result of a potentially different 
agent also seemed to improve power. 
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Results suggest that including the Tof as a covariate creates a greater contrast between non-
epidemic and epidemic heritability estimates. This may provide a useful signal for 





Chapter 4. Population Structure and the Genomic 
Relationship Matrix  
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 Introduction 
As observed in Chapter 3 there were considerable differences in heritability estimates for 
Farm 1 between estimates from relationship matrices derived using pedigree (A matrix) and 
genomic (G matrix) methods. Consistently higher estimates were seen using the A matrix 
with the basic model except for the Still trait, where no difference was observed. Several 
studies have found additive genetic variance estimates using pedigree information higher 
than that estimated using genomic relationships (e.g. Veerkamp et al., (2011) in cattle and 
Forni et al., (2011) in pigs). It has been suggested that an upward bias in σ2A estimates, 
obtained with the A matrix can occur from the cofounding of common environment within 
additive relationships (Vinkhuyzen et al., 2013). A further limitation to the use of pedigrees 
is that they treat the founders as unrelated which may or may not be the case and rely solely 
on the explicit relationships described (Speed & Balding, 2014).  
Genomic relationship matrices (GRMs) are more accurate in describing identity-by-descent, 
given the ability to account for Mendelian sampling and for relationships not explicitly 
detailed in a pedigree (Hill & Weir, 2011). Despite the advantages to the use of GRMs, some 
studies have however suggested in the presence of population stratification that relationships 
between distant population maybe misleading with regards to contribution to the genetic 
effects (Hayes et al., 2009a). As such whilst G matrix estimates may represent a more 
accurate reflection of identity by descent, the use of identity-by-state can infer relationships 
which may be misleading in terms of estimating genetic effects  
To overcome this several studies have used a prior that distant populations are unrelated, 
fixing the value of the block diagonal relationships between populations (Hayes et al., 
2009a; Riggio et al., 2014; Hess et al., 2016). Indeed applying GBLUP to predict milk traits 
across cattle breeds, a greater accuracy was obtained using GRM modified in this way 
(Hayes et al., 2009a). This method was also used in Hess et al., (2016) to consider animals 
of different genetic backgrounds in experimental PRRSV trials. Estimates from the original 
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GRM were contrasted with the modified GRM to investigate how the genetic factors 
between animals of different genetic backgrounds influenced the variation in different traits. 
For some traits, differences in the estimates from two forms of GRM indicated differences in 
the contribution of the genetic factors between genetic backgrounds on trait variance (Hess et 
al., 2016). Additionally this method has also been incorporated into regional heritability 
mapping (a methodology for the localisation of regional effects, Nagamine et al. (2012)); 
Riggio et al., (2014) fixes the between population relationship to 0, to consider linkage 
phases discrete in different populations.  
The GRM calculations shown in section 3.02.2 correct for allele frequency and observed vs. 
expected homozygosity. This incorporates the assumption that allele frequency in the 
observed population is representative of the allele frequency in a base population, to which 
all members of the observed population belong (Powell et al., 2010). This cannot be said if 
sub-populations within the observed population are reproductively isolated, and the allele 
frequencies are different in these sub-populations.  
Issues with regards to population structure may be true of the breeds observed in farm 1 (see 
Figure 3.3), where several breeding lines show very low similarity and are distinct within the 
pedigree (Figure 3.2). These differences are also seen in joint farm analysis where farm 1 
makes a greater contribution in terms of the number of litter records than farm 2. Given the 
existence of cross breeds in the data some of these relationships were maintained in this 
analysis (see materials and methods). 
This chapter investigates how heritability estimates differ using different prior assumptions 
on the relationships between populations. In particular; the assumption that the between 
population (breed and, where applicable, farm) relationships are uninformative with regard 
to the estimation of additive genetic variance is tested. Two alternative methods are used 
create the modified G matrix under this assumption:  
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Method One 
This method used in Riggio et al. 2014 and Hess et al. 2016, considers populations and farms 
as discrete by setting the block diagonal relationship between distinct breeds to zero in a G 
matrix calculated on the whole population.  
Method Two 
This method uses knowledge of the breeds and crosses to create separate G matrices 
calculated using only reference populations pertinent to the relationships being estimated, 
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then combines these matrices to only describe known within breed and between breed 
relationships in the population. This idea is shown graphically in Figure 4.1. 
 
Figure 4.1 – Application of Method Two 
Application of method two for three separate lines, two discrete breeds (A and B) and an A × 
B cross. Intersections detail the population used in the calculation of a sub-matrix used to 
populate each portion of the G matrix. 
These methods will be explored using the Farm 1 data, for which pedigree and genomic data 
is available. Modified genomic relationship matrices indicating improved power to estimate 
the additive genetic variance, will be reproduced in the joint farm analysis. 
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 Materials and Methods 
Variance component analyses are as described in section 3.02.3 using ASREML 3.0. The 
data used is described for both farms in section 2.02.1. Data was partitioned according to an 
adapted threshold-threshold method described in (Lewis et al., 2009a) into epidemic and 
non-epidemic phases described in section 2.02.2. In this analysis, the epidemic phase is 
analysed, for which a significant heritable component demonstrated in chapter 3. Farm 1 is 
used to consider the difference between and additive genetic variance estimated using 
pedigree information, the full genomic relationship matrix and that modified using the two 
methods. The data from the combined farms in then also considered.  
Models and traits are described in 3.02.3. Only the Basic model and alternative model 1 
(Alt.1) are considered here. Compared to the basic model, alternative model 1 fitted 
additionally a unique identifier for each epidemic, to account for differences between 
epidemic severities. In the joint analysis given the hierarchical structure, Epidemic ID was 
nested within Farm.  
4.02.1 Genomic Relationship Matrices  
The calculation of the full genomic relationship matrix (GRM) is shown in section 3.02.2. In 
method 1 the between breed relationships are fixed at zero in the full GRM. Relationships 
between crosses and their founding breeds were maintained. Here the between breed 
variation is removed from the analysis whilst retaining relationships within the same breed 
and with the crosses.  
Method 2 investigates if combing separate sub-G-matrices on the separate subpopulations 
could be used as an alternative method for the creation of an IBS containing discrete 
populations. For each breed only those animals within that breed were used for calculating 
the within breed relationships. For a crossbred line, animals from the founding breeds and 
the cross were used for calculating the relationship between the cross and its founding breeds 
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and within the cross, but not inferring any relationships within the founding breeds; the 
relationship between breeds was fixed at 0. 
Genomic relationship matrices were calculated in R using GenABEL (Aulchenko et al., 
2007b).  
 Results 
4.03.1 Farm 1 
Given the considerable reduction in the number of animals for which genetic data is 
available as compared to pedigree data (994 cf. 606 in epidemic phase data), additive genetic 
variance estimates using pedigree information were recalculated using only animals for 
which genetic data was available. A comparison of the Farm 1 relationship matrices is shown 
in Figure 4.2. 
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Figure 4.2 – Relationship Matrices Comparing A Matrix, G Matrices, Including Full, 
Calculated by Breed and Block Diagonal Between Breeds Fixed at Zero 
Heat plot showing relationship matrices showing the additive relationship calculated using 
the pedigree data (A Matrix), the full genomic relationship matric (G matrix), a genomic 
relationship matrix with the between breed relationships fixed at zero (Method 1) and a 
single matrix compiled from G Matrices calculated separately by breed (Method 2). 
Whilst similar patterns are observed in all four matrices some differences can be observed. 
Generally closer genomic relationships are observed when the whole population is used to 
estimate genomic relationships than when the matrix is compiled from separate sub-matrices 
This appears more congruent with the A matrix figures which are based on direct 
relationship records. This suggests that the matrix calculated under method 2 is not an 
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accurate reflection of IBD, areas showing high (>0.25) levels of relatedness in the A matrix 
are not reflected in the method 2 matrix.  
Variance components estimated using the four different matrices on the same single record 



































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Population Structure and the Genomic Relationship Matrix 
147 
Variance components and heritability estimated using the A matrix, when the data is limited 
to just animals with genetic data, show similar patterns as observed using the all animals for 
which pedigree data is available in Chapter 3. Whilst differences are observed in the 
estimates of σ2A and h2 when the number of animals is limited, no systematic difference is 
observed. An expected increase in standard error and reduction in P values is seen due to the 
reduction in the number of records. These suggest that the systematic reduction seen in G 
matrix estimates is not simply a function of a reduction in power owing to less records. The 
A matrix variance component and heritability estimates are still considerably greater than 
those generated using the G matrix. No effect observed on σ2P suggesting that the changes in 
h2 are as a result of differences in σ2A. 
When the between breed relationships are fixed at zero (method 1), a slight increase in 
heritability is observed in some traits (Still, Dead, Alive, Tof, Fmor and Wean) as compared 
to the estimates generated under the full G matrix. These increases are small, with 
heritability estimated in the same order of magnitude. Increases are seen too in the standard 
error estimates of the Mum and Dead additive genetic effect, which are no longer significant 
at p < 0.1. For the Still, Tof, Fmor and Wean traits, a proportionally greater increase is seen 
in estimate than standard error which may indicate some improvement in power. In 
alternative model 1 estimates are considerably lower except using the GRM modified using 
method 1, for Still Fmor and Tof continue to show a small increase.  
For results generated under method 2, many traits show a small reduction in the variance 
estimates and increases in standard error, with the exception of Tof and Still. A considerable 
impact is seen in the p values for the additive genetic effect with only Still, Fmor Wean and 
Gest remaining significant at p > 0.1. Increases are seen in the standard error and decreases 
in the standard error to estimate ratio. This indicates a considerable reduction in power using 
method 2 and a possible lack of consistency in the way that the estimates are derived. 
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4.03.2 Joint Analysis 
Discrete populations may be considered as in the joint analysis in two ways. The 
relationships between farms, set to 0, or the relationships between breeds set to 0. Both 
applications were applied to investigate the impact on variance component estimates.  
 
Figure 4.3 – Comparison of the Full Genomic Relationship (G matrix) and the Genomic 
Relationship Matrix with Between Population (Farm or Breed) Relationships Fixed at Zero 
Heat plot showing relationship matrices showing the additive relationship calculated using 
the full genomic relationship matric (G matrix), a genomic relationship matrix with the 
between farm relationships fixed at zero and matrix with the between breed relationships 
fixed at 0. 
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A comparison of the estimates made using the full G matrix as compared to the G matrices 
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Slight increases are seen in the heritability estimates in the Basic Model with the between 
farm relationship fixed at 0, the increase in heritability outweighing the associated increase 
in standard error. This effect on the ratio of the σ2A estimate to its standard error is 
consistently higher when the genomic relationship is between fixed at zero between breed as 
opposed to farm. This suggests improved power in the ability to estimate σ2A when genomic 
relationships are fixed at zero between breeds. A slight improvement is also seen for the 
Mum trait under Alternative model 1, no effect was detected using the full G matrix however 
using this modified G matrix an effect is not indicated at P<0.1.  
When the between breed relationships are fixed at Zero increases are seen in the variance 
component estimates for nearly all disease traits as compared to the estimates using the 
original G matrix. Where this effect is observed proportionally greater increase is seen in the 
estimate than in the standard error of the estimate. This is except for the Still trait. The 
significance of these traits also improved with all traits significant at p<0.05 in the basic 
model.  
Where either the between farm or between breed relationships are fixed at zero, see an 
improvement in terms of lower standard error to estimate ratios, however this improvement 
is greater when the between breed relationships are fixed at 0, 
 Discussion 
Using a method first explored in Hayes et al., (2009a), removing the relationships between 
individuals in separate populations from the genomic relationship matrix; increases were 
seen in the ratio of the estimate to standard error ratio for the additive genetic variance. 
These results indicate increased power to estimate additive genetic variance, with the 
population structure removed from the GRM. This suggests that inferring relationships 
between both farm and breed could be acting as nuisance terms in the genetic analyses. 
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Small increases were also observed in the additive genetic variance and heritability 
estimates. In the farm 1 data these increases are only seen for a few traits and were small.  
Using a separate method, where genomic relationship matrices were calculated separately 
and combined (method 2), additive genetic variance could not be accurately or consistently 
estimated. This was probably due to unequal representation of the breeds when calculating 
the allele frequencies in crosses. Methods in the literature (e.g. Makgahlela et al., 2014)) 
have overcome this issue by weighting the contribution to allele frequency made by founder 
breeds accordingly, thus compensating for unequal representation. 
For the joint farm analysis increases in the additive genetic variance to standard error ratio 
were seen when the relationships between farm or breed were fixed at zero. The greatest 
increases were seen when the between breed relationships were fixed at zero. Given the 
relationship of effect size and standard error on power, these results suggest improved power 
in the ability to estimate an additive genetic effect using the method 1 modified matrix. 
A similar adapted G matrix to that generated using method 1 can be used in conjunction with 
Regional Heritability Mapping (RHM) (Nagamine et al., 2012) to explore the distribution of 
trait effects across the genome. This is a technique where genome data is dissected into 
consecutive, overlapping sections (termed windows) from which G matrices are calculated, 
and the significance of each window calculated. This method will be applied when applying 
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 Introduction 
A number of GWA analyses are reported in the literature exploring variation of host 
response to PRRSV infection, reviewed in Chapter 1. These consider a range of traits 
exploring variation in the growing and reproducing sow with regards to immune response, 
pathogen burden, weight gain and reproductive outcomes. The first GWA analysis for 
reproductive performance under PRRSV challenge is given in Lewis et al., (2009c). Using a 
custom 7K SNP chip in conjunction with the farm 1 phenotype data used in this thesis. 11 
SNPs were presented as significant above the genome wide significance threshold. Since 
these were not reported using standard unique identifiers (i.e. reference SNP numbers used in 
dbSNP and Ensemble, or consortium synonyms) the positions of these SNPs on the current 
Sus Scrofa genome build 10.2 could not be identified. Four SNPs are presented with mapped 
positions in Lewis, 2008: at SSC1 98.3 Mbp, SSC4 92 Mbp, SSC4 91Mbp and SSC14 
28.5Mbp. As acknowledged in previous chapters there is a distinction in the models 
presented in this thesis to the ones that were applied in Lewis et al., (2019c).  
Two further studies by Yang et al. (2016) and Serão et al. (2014) use reproductive traits, 
directly comparable to those used in this analysis. Yang et al. (2016) found 20 SNPs 
associated with foetal mortality in response to PRRSV with an additional three showing 
associations with viral load, distributed throughout the genome. For foetal mortality the 
individual piglet state was fitted as a binary trait, transformed using a logit link function to 
the underlying liability scale. Whilst litter size was included as a covariate this was in 
addition to the percentage of foetuses born dead in the litter, to which the individual foetus 
belonged. The largest SNP effect, explaining 3.36% of the total genetic variance was 
detected on SSC7 at 97 Mbp. A significant association was shown for number of stillborn 
piglets and number born dead in Serão et al., (2014); located at ~32 Mbp on SSC1 
explaining 11.04% and 0.81% of the total genetic variation, respectively. Again, distinctions 
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in the model are noted which did not include litter size, though did include the trait trend as 
per the Alt.2 Model in this thesis. 
A summary of published associations for PRRSV related traits, regardless of trait is shown in 
Figure 5.1. The most relevant results for the present study are those from Lewis, (2008) 
presented in Lewis et al., (2009c) using mortality traits (⊕); those in Yang et al., (2016) 
using the foetal death traits (⊞); and the single association with number born dead reported 
in Serão et al., (2014) (⊠), as these refer to reproductive performance of sows. 
The best characterised and most validated genomic region associated with host response to 
PRRSV infection has been provided by the large scale PRRS host genetics consortium 
(PHGC) experiments, in which thousands of growing piglets have been infected with 
virulent strains of the North American PRRSV type (for review see Dekkers et al., (2017)). 
A large effect was detected for a 0.5 Mbp region on SSC4 associated with both weight gain 
and cumulative serum viral load within the first 3 weeks post infection (Boddicker et al., 
2012, 2014a, 2014b). In particular, the genomic region containing the single SNP, 
WUR10000125, was shown to capture 13.2% and 9.1% of the genetic variance in viral load 
and growth, respectively. Differential expression analyses in the population found 
associations between the favourable WUR10000125 genotype and a truncated version of the 
Guanylate Binding Protein (GBP) 5 (Koltes et al., 2015), which seems to play a role in the 
inhibition of viral replication (Schroyen et al., 2016). Several other associations, with 
smaller effect sizes were also demonstrated by the PHGC on SSC1, SSC7, SSC17 and SSCX 
for the Viral Load and Weight gain traits used in these analyses.  
Whilst a number of groups have investigated the distribution of PRRS related traits 
throughout the genome, the results of these findings have been inconsistent with relatively 
little cross over in the position of the loci identified. Genome-wide association study is a 
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well-understood and widely used tool for the distribution of trait variance through the 
genome.  
This chapter will investigate the distribution of reproductive effects in these data providing 
comparison with both the published literature and subsequent regional heritability mapping 
(see chapter 6). The presence of genetic variance in the reproductive traits having previously 
been demonstrated in Chapter 3. Any SNPs showing genome wide significance will be 
characterised further using the measured genotype approach (Boerwinkle et al., 1986), 
permutation analysis (Churchill & Doerge, 1994), and (where more than one SNP is 
indicated in a region) linkage disequilibrium (Lewontin & Kojima, 1960). 
A wide range of methods have been developed for conducting GWA analyses. The single 
SNP method which is employed here has several advantages in terms of computational 
efficiency, reliability, and has been well-quantified in the literature and is flexible in terms of 
accounting for effects discussed in previous chapters (Iles & Barrett, 2011). As population 
stratification cannot be ruled out in this study (see results from Chapters 3), two methods 
which are known to perform well in the presence of stratification were chosen:  GRAMMAR 
(Aulchenko et al., 2007a) and FASTA (Chen & Abecasis, 2007). Both were applied using 
the genABEL package (Aulchenko, 2011) in R (R Core Team, 2016).  
One of the limitations of these and other GWA analysis approaches is the inability to account 
for repeated records. Whilst a solution to this issue is possible using the GRAMMAR 
method, for the FASTA methodology, datasets were restricted to only one record per animal 
in this chapter.  
The measured genotype analysis is a widely used validation tool for exploring SNP effects, 
this method, proposed in Boerwinkle et al., (1986), fits the genotype as a fixed effect in the 
linear model to estimate both the SNP effect and residual σ2A. Adaptations to this model can 
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additionally explore the SNP interaction to check for independence of the SNP effect of the 
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 Materials and Methods 
5.02.1 Data 
The datasets are as described previously in Chapters 2 & 3. For summary description of farm 
1 data see section for farm 2 see section 2.02.1. For both farms, for a subset of animals, SNP 
genotypes were available generated using the Illumina PorcineSNP60 chip (Ramos et al., 
2009) see also (Illumina, 2015). Mapped locations were used using Sus scrofa genome build 
10.2, The Swine Genome Sequencing Consortium (Schook et al., 2005). 
Data was partitioned into epidemic and non-epidemic phases according to the adapted 
threshold-threshold method as described in section 2.02.2. The product of the partitioning 
process was two datasets for Farm 1 containing litters farrowed during PRRSV confirmed 
Epidemics (Epidemic Phase) and litters farrowed while PRRSV was not detectible by the 
trend analysis (Non-Epidemic Phase). These two phases were also identified in farm 2, 
though a further period was identified in the trend analysis showing a period above the 
threshold not coinciding with a positive herd level PRRSV diagnosis. This period was 
isolated, and not included in either the non-epidemic or epidemic epidemics representing 
different examples of epidemic reproductive failure. 
Given the inability of GenABEL to account for repeated records, a dataset was created for 
each phase using only the first record per sow (see section 3.02.1). In farm 2, in keeping with 
the aims of the research to investigate the genetic effects of PRRSV, where a sow had a litter 
in the PRRSV confirmed epidemic and the unknown epidemic the litter record within the 
confirmed epidemic was used.  
A joint analysis was also run whereby the data from the two farms was combined by phase 
(i.e. non-epidemic/epidemic) to look at potential improvements in power as compared to the 
individual farm analyses. 
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Quality Control 
Quality control was run based solely on the animals (and their corresponding raw SNP 
genotypes) to be incorporated into each analysis associated with the epidemic / non-epidemic 
phases. There were slight discrepancies in the recruitment of animals into the analyses 
according to the method applied. Using GRAMMAR, the environmental residuals used are 
produced based on the genotypes of all animals in each population (Farm 1, Farm 2 and 
Joint) that had already passed the quality control procedures (see Chapter 3). For the FASTA 
and Measured Genotype methods all genotyped animals with phenotype records in each 
phase are used. This leads to slight discrepancies in the numbers of SNPs, and the number of 
animals passing quality control between the two methods. 
GRAMMAR QC 
For the application of the GRAMMAR method, the animals are those used for the polygenic 
analysis in chapter 3. Given animal have already been subjected to quality control (QC) there 
were no additional animals excluded in this QC step. Given that; 1) the animals incorporated 
into the genetic analysis in the previous chapter had already been subjected to QC; and 2) 
only minor changes are observed in SNP numbers following QC on raw genotypes for these 
animals: only slight variations are seen in the number of SNPs passing QC for each phase. 
The results from this quality control procedure are shown for both farms, the joint analysis 
and all phases in Table 5.1. 
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Epidemic 3,529 9,011 48,134 605 





























Results of the quality control run on genotype data for animals with litters for which 
environmental residuals were generated, by phase. Counts are provided for exclusion of 
SNPs/animals based on each of the criteria, numbers in merged columns show counts falling 
into more than one exclusion category (not included in the individual category counts). 
Exclusion categories show Call Rate, Minor Allele Frequency (MAF). No animal exclusion 
categories shown as all animals passed QC in this step. 
FASTA & Measured Genotype QC 
For the FASTA and measured genotype methods identical quality control is run based on the 
raw number of animals (and their genotypes) which have phenotypic records in each phase 
(non-epidemic, epidemic and (where applicable) epidemic including unknown), for each 
population (Farm 1, Farm 2 and Joint). As such a slightly different number of animals and 
SNPs are used in this analysis. The quality control results for the animals and the quality 
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5.02.2 Association Study Methodology 
The two protocols considered to explore single SNP associations in this study, i.e. FASTA 
(Chen & Abecasis, 2007) and GRAMMAR (Aulchenko et al., 2007a) both use the genomic 
relationship matrix to correct for population structure, apply the mixed model methodology 
in a two-stage process to investigate the significance of SNP associations and are suitable for 
use in structured populations (Aulchenko, 2011).  
Given that individual SNP effects are expected to be small compared to the fixed effects and 
covariates estimated in the mixed model (Chen & Abecasis, 2007), a polygenic mixed model 
is fitted in step 1. Step 1 contains no SNP effects, accounting for the various non-genetic 
effects and obtains the additive genetic variance\covariance matrix and residual error. In step 
2 the estimates from step 1 are then used to generate an association test for each SNP. For 
details of the polygenic model see section 3.02.3. Given that both methods are dependent on 
the output from the polygenic function; GWA analyses are only considered for traits and 
models which indicate (P<0.1) a significant heritable effect in the polygenic model in step 1. 
FASTA 
For the application of FASTA the polygenic mixed model in step 1 is applied using the 
polygenic function in GenABEL which uses maximum likelihood estimation (as compared to 
restricted maximum likelihood applied in ASreml). This function does not permit the use of 
multiple records per sow and as such the single record per sow dataset was used. From this 
function, the genetic variance-covariance matrix (Ω) is obtained as well as a vector of 
environmental residuals (ê) by animal. From these estimates, a test statistic (TScore) for each 
SNP (K) is derived thus: 
𝑇 =
([𝒈𝒌 − 𝐸(𝒈𝒌)]′ ∙ 𝛀 ∙ 𝒆)
([𝒈𝒌 − 𝐸(𝒈𝒌)])′ ∙ 𝛀 ∙ [𝒈𝒌 − 𝐸(𝒈𝒌)]′
 
Equation 5.1 – FASTA SNP Association Test Statistic 
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Where gk is a vector of the genotypes for SNP k coded 0,1,2 (AA, AB and BB respectively) 
E(gk) is a vector of mean-genotypic values (2p where p is the A allele frequency) for SNP k. 
This derives a test statistic for the genotype whilst removing population structure by 
modelling the expected correlation between variance components. Both step 1 and step 2 of 
FASTA were conducted using GenABEL (Aulchenko et al., 2007b) within the R package (R 
Core Team, 2016). 
GRAMMAR 
The GRAMMAR approach uses only the vector of environmental residuals (ê) generated 
using the polygenic mixed model. These are fitted as the response variable in a linear 
regression on each SNP genotype shown in Equation 5.2: 
?̂? = 𝜇 + 𝑔 +  𝜀 
Equation 5.2 – GRAMMAR Environmental Residual Regression on SNP Genotype 
 
Where gk is a vector of the genotypes for SNP k coded 0,1,2 (AA, AB and BB respectively) 
and ε is the residual error. Given the dependence on just the environmental residuals from 
the polygenic model, the output from the ASREML models in Chapter 3 was used. This 
allows the results from the repeated measures models to be used which indicate a small 
increase in power to estimate the additive genetic variance as compared to models using the 
single record data. In this adaptation of the GRAMMAR method used in Lewis et al. (2009) 
and Bérénos et al. (2015), a mean environmental residual by sow is generated from the 
environmental residual by litter.  
With the polygenic effect removed, these residuals were assumed to be unstructured 
allowing a basic linear regression on SNP genotype to be performed using the GRAMMAR 
function in genABEL. Any residual structure will be investigated and, if required, accounted 
for in subsequent genomic control (GC) steps. Given that the GRAMMAR method can be 
Genetic Associations of Reproductive Traits Under PRRSV Challenge 
165 
liable to underestimate effect size (Aulchenko, 2011), any genome-wide significant SNPs 
identified using GRAMMAR were validated using a measured a genotype approach 
described below. With the polygenic effect removed prior to SNP testing, estimation of SNP 
effects maybe downward biased from GRAMMAR (Aulchenko et al., 2007a).  
Measured Genotype 
A common method for the validation and further characterisation of SNPs detected using 
GWA methods is the fitting of an identified SNP as a fixed effect in the polygenic model, 
also called a measured genotype (MG) analysis (Boerwinkle et al., 1986; Aulchenko, 2011). 
This enables the significance of an individual SNP genotype on trait variance to be assessed 
and a prediction of the SNP genotype effect (AA, AB or BB) to be made, whist accounting 
for the polygenic effect a potential source of bias (Kennedy et al., 1992). A further 
advantage of the measured genotype method is that confounding between SNP effect and 
model terms can be investigated, by fitting separate models with interactions between the 
candidate SNP and potential confounders such as sow line and farm.  










𝜎 = 2𝑝𝑞 𝛼 + 𝐷(𝑞 − 𝑝)  
Equation 5.3 – Allele Substitution Effect (ASE), Dominance Effect and SNP Variance 
Calculations 
 
Where α is the additive/allele substitution effect, D is the dominance and σ2SNP is the total 
genetic variance explained by the SNP. 𝐴𝐴 𝐴𝐵 and 𝐵𝐵 are the predicted values of the major 
allele homozygote, heterozygote and minor allele homozygote, respectively, p and q are the 
major and minor allele frequencies, respectively.  
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Linkage Disequilibrium 
Regions identified as showing evidence of association with the reproductive traits under 
consideration, using the GWA analysis (i.e. more than one SNP indicating a significant 
effect in a single peak) were explored for linkage disequilibrium (LD) (Lewontin & Kojima, 
1960). This, non-random coincidence of alleles at separate loci, was explored using the 
correlation coefficient (r2) between the alleles of different SNPs. The r2 across regions of 
interest was plotted as a heat density function using the LD heatmap function in R (Shin et 
al., 2006).  
5.02.3 Statistical Analysis  
Traits and Models 
The traits included in the analysis (Mum, Still, Dead, Alive, Tof, Fmor, Wean and Gest) are 
described in section 2.02.1 and summarised in the appendix in Table A.1. Similar to the 
analyses in chapter 3, for the farm 2 and the joint farm analysis Wean was dropped as a trait 
due to an inability to account for fostering decisions in farm 2 and the traits Mum, Still and 
Dead were transformed using log(Trait+1). Given the emphasis on effects attributable to 
PRRSV infection, disease indicator traits (Mum, Still, Dead, Alive, Fmor and Wean) are 
considered. These traits using the defined models, show significant differences (>95 CI) in 
least square means (LSM) estimates between phases (see Chapter 2) and have low/no 
heritability estimates in non-epidemic phase with increases seen in the epidemic phase 
(Chapter 3). The remaining traits (Tof and Gest), which in many cases indicate a significant 
heritable effect in both phases are only used to consider the differences in the distribution of 
SNP effects between phases. 
The fixed effects and covariates used in the mixed models of this chapter were the same as 
used in Chapter 3. Three different mixed models (denoted Basic model and alternative 
models Alt1 and Alt2) were fitted. All three models were used in both the FASTA and 
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GRAMMAR analysis. Compared to the basic model, alternative model (Alt. 1), fitted 
additionally a unique identifier for each epidemic, to account for differences between 
epidemic severities. In the joint analysis given the hierarchical structure Epidemic ID was 
nested within Farm. To account for the dynamic trend within each epidemic, in alternative 
model 2 (Alt. 2) an additional trait trend covariate is fitted as an interaction with epidemic 
ID, additional to the Alt.1 terms. This trend corresponds to the loss trait under consideration 
(e.g. Mum, Still or Dead) used in partitioning step. For the other traits (Alive, Tof, Fmor, 
Wean and Gest) the Dead trend is fitted. Similarly, to Alt.1, in the joint analysis this effect 
was nested within farm. For analysis including the unknown epidemic only models with the 
Epidemic ID are considered to ensure differences between, potentially two different sources 
of reproductive stress, are accounted for. 
Power 
Consideration was given for the power of the analysis to detect SNP effects in the data. 
GWAPower is a tool designed to estimate the probability of detecting SNP effects given 
information on the heritability of the trait, the number of SNPs used, and the number of 
animals included in the analysis (Feng et al., 2011). Information from the variance 
component analysis was used with GWAPower to estimate the power of these data to detect 
SNP effects. 
Genomic Control 
To consider type I errors the distribution of the test statistic from the genome scan was 
considered and genomic control was applied (Devlin & Roeder, 1999; Reich & Goldstein, 
2001; Zheng et al., 2006). The distribution of the calculated test statistic is compared to a 
theoretical set of quantiles under a null distribution to look for bulk inflation of the test 
statistic from the genome scan. These are shown as quantile-quantile plots (Q-Q plots) for 
each genome scan, where a consistent positive deviation from the line of unity (x=y) 
provides evidence of inflation. Quantile-quantile plots were also used to investigate other 
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potential sources of bias and confounding (Zeggini & Morris, 2011). The level of inflation 
was quantified by the genomic control factor λ (Freedman et al., 2004). Estimation of λ was 
conducted by regressing the lowest 95% of the observed test statistic onto the theoretical 
quantiles under a null distribution (Amin et al., 2007). The regression coefficient then 
provides an estimate of level of inflation in the test statistic. Where λ < 1 is reported as λ = 1  
(Aulchenko et al., 2007b). To control for the type I error, p values were scaled by the 
genomic control factor λ, where λ>1 (Aulchenko, 2011). 
Statistical Inference 
The SNP association test statistic from both the GRAMMAR and FASTA methods are 
assumed to be Χ 2 distributed with 1 d.f. (Aulchenko et al., 2007a; Chen & Abecasis, 2007).  
Bonferroni correction (Dunn, 1959, 1961) was applied to account for multiple testing. An α-
value of 0.05 was used throughout the analysis with a corrected significance threshold of 
α/nSNPS (where nSNPS is the number of SNP effects included in the genome scan). A 
lower, chromosome level significance was considered as being indicative of an effect, by 
multiplying the genome-wide significance threshold by 18 (the number of Sus scrofa 
chromosomes.) 
Bonferroni correction is a conservative method for correcting for multiple independent tests. 
This is especially true in GWA methods where the presence of linkage among genotypes can 
mean that tests are not truly independent.  
For all genome scans where any SNPs show a genome-wide significant effect at the 
Bonferroni corrected threshold; a permutation method was used to estimate empirical, 
genome wide significance. In this method, the phenotypes are randomly re-assorted among 
the individuals, breaking down any relationship between genotype and phenotype and 
creating a test statistic under a null hypothesis of no genetic effect (Churchill & Doerge, 
1994). This process is iterated n times, and the proportion of null hypothesis test statistics 
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which exceed those with the genotype/phenotype link maintained provides an empirical P 
value for each SNP with a precision of 1/n (Bush et al., 2012). 10,000 iterations were used in 
each case. While the permutation method is considered preferable in controlling the type I 
error rate in GWA studies (Gao et al., 2010), it is computationally demanding, making it 
impractical across all the genome scans undertaken. 
Manhattan plots are shown plotting the -log10(p-values) from the genome scans under the 
two methods. 
In the measured genotype analysis, the effect of the SNP genotype on trait variance was 
considered using the Wald F statistic. Using the additive substitution effect or dominance 
effect, in conjunction with the corresponding standard error of the difference (SED), a t test 
was constructed to test the significance of the effect size under each model. 
 Results 
5.03.1 Farm 1 
Using the heritability estimates from the variance component analysis with ~48,100 SNPs 
and ~606 individuals, the power using the basic model was estimated as 1 (Still and Wean 
trait) and 0.93 (for the Mum trait, the lowest basic model heritability estimate), suggesting 
adequate power to detect SNP effects. When alternative model 1 was considered this reduced 
to 0.81 for Mum and Alive traits (the lowest heritability estimates indicating significance), 
and 1.00 for Wean, suggesting sufficient power to detect SNP effects for all those traits for 
which a significant heritable component could be demonstrated. No significant heritable 
component could be estimated using Alt.2 model. 
FASTA Results 
The FASTA method was applied to the single record data for all reproductive traits. In step 
one, estimation of the polygenic effect in GenABEL failed to identify a heritable component 
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for those traits which show low component to standard error ratios (<2) estimated in Chapter 
3. This is most likely the result of a reduction of the number of records in the single record 
data, relatively high standard errors, and a bias toward the fixed effects and covariates 
inherent to the maximum likelihood estimation implemented in genABEL (as compared to 
the restricted maximum likelihood embedded in ASREML). 
Table 5.3 shows the resulting heritability estimates for the Still, Tof, Wean and Gest traits. 
Two disease indicator traits (Still and Wean) both show heritable effects in the epidemic 
phase, traits not shown failed to converge or provided estimates of heritability  <1×10-8 
(P=1). Using the Gest trait a significant heritable component could be estimated in both 
phases allowing for direct comparison of the distribution of effects in each phase. A heritable 
effect is only observed in the non-epidemic phase for Tof. 
Table 5.3 – Heritability Estimates and Associated P Values Generated Using Polygenic 
Function in genABEL.  
Trait Model 
Heritability h2 and (P value) Calculated by Phase 
Epidemic  Non-Epidemic 
Still 
Basic 0.09 (0.06) – 
Alt.1 – NA 
Alt.2 – – 
Tof 
Basic – 0.12 (3×10-3) 
Alt.1 – NA 
Alt.2 – 0.12 (2×10-3) 
Gest 
Basic 0.18 (2×10-3) 0.17 (8×10-5) 
Alt.1 0.13 (0.05) NA 
Alt.2 0.14 (0.03) 0.16 (2×10-4) 
Wean 
Basic 0.28 (2×10-8) – 
Alt.1 – NA 
Alt.2 – – 
Heritability and (P-values) estimated using the polygenic function in genABEL as applied in 
step 1 of the FASTA methodology. “NA” indicates model not applicable to that phase, “–” 
indicates estimate <1×10-8 (P=1) or failed to converge 
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Based on the variance component estimates from these models, SNP associations were tested 
using the FASTA method using the mmscore function in genABEL. Epidemic phase, basic 
model Manhattan plots, including corresponding QQ plots (showing estimate of λ) are 
shown for the Still and Wean in Figure 5.2. 
 
Figure 5.2 – Farm 1 Manhattan Plots using FASTA for Still and Wean Traits Using the 
Basic Model with Epidemic Phase Data 
Bonferroni corrected significance thresholds shown at the genome wide (dashed line) and 
chromosome level (dotted line), based on 48,087 SNPs. 1 SNP significant at the 
chromosome level significance threshold shown labelled. QQ plots show x=y (red dashed. 
As seen in the QQ plots in the above figure, inflation and confounding did not appear to be 
present, λ reported at 1, and no regular aberrations in the distribution of the test statistic are 
observed. Only one SNP indicates an effect at the reduced (chromosome level) significance 
threshold for the Wean trait; ALGA0117790, located at the end of SSC 15 (15:150247212). 
Interestingly a signal in this region is alluded to in the Still trait analysis shown by a trail of 
SNPs at a similar approximate location, though a different top SNP in this region is 
identified as ALGA0119312 (15:149350761), approximately 8.96 kilobase pairs (kbp) from 
the SNP indicated in the Wean trait analysis. 
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In contrast to disease indicator traits, the Gest trait shows a moderate heritable genetic effect 
in both epidemic and non-epidemic phase; allowing for a comparison of the distribution of 
SNP effects by phase (Figure 3).  
 
Figure 5.3 – Farm 1 Manhattan Plots using FASTA for Gest Trait Using the Basic Model 
with Data from Each Phase 
Bonferroni corrected significance thresholds shown at the genome wide (dashed line) and 
chromosome level (dotted line), based on 48,087 SNPs. QQ plots show x=y (red dashed 
line). 
No SNPs reached genome-wide or chromosome level significance. The highest peak on 
SSC11 is at ~24Mbp, common to both phases though most peaks are distinct between the 
two plots suggesting that the two phases are regulated by different sets of SNPs.  
While one SNP (ALGA0119312) indicates an effect in the Wean trait basic model FASTA 
analysis on SSC15, only a slight indication is seen for the presence of a SNP effect in the QQ 
plot as a deviation above the line of unity for the indicated SNP. Whilst there is limited 
evidence of an effect in both the Still and Wean traits, given a lack of strong evidence within 
an individual genome scan these were not characterised further as part of this analysis. 
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GRAMMAR Results 
All reproductive performance traits in the Epidemic phase, under the basic model indicated a 
significant heritable component; in Non-Epidemic phase only the Mum, Tof, Wean and Gest 
traits indicate a significant heritable component (see Table 3.3). The resulting -log10 
GRAMMAR SNP P values, using the basic model, for all disease indicator traits are shown 






























































































































































































































Genetic Associations of Reproductive Traits Under PRRSV Challenge 
175 
Of these six analyses, no SNPs are significant at the genome-wide level, six SNPs show 
potential effects indicated at the chromosome level of significance on SSC9 (Mum), SSC12 
(Alive) and SSC17 (Still) with three regions indicated for the Wean trait on SSC5, SSC8 and 
SSC1. Whilst limited amounts of inflation are indicated in the Still and Wean traits, it is 
within acceptable levels and controlled for applying genomic control where λ>1. In all the 
QQ plots which have indicative associations in the corresponding Manhattan plots, true SNP 
effects are indicated, even when GC is accounted for (blue dashed line), by the deviation 
from the null distribution in a small number of SNPs in the upper end of the distribution.  
A significant effect on SSC9 at the chromosome level significance threshold for the Mum 
trait is also indicated for the Wean trait, albeit for different SNPs (MARC0016053 and 
ASGA0044703 respectively, with a distance of 1.9Mbs between the two). The effects on 
SSC12 for the Alive trait, and on SSC17 indicated for the Still trait, are only indicated at the 
chromosome threshold for each trait individually. The effect on SSC15 is at the same 
location as identified by the FASTA method: both methods indicated ALGA0117790 as 
significant SNP for the Wean trait. 
In the non-epidemic phase disease two indicator traits (Mum and Wean) were demonstrated 
to have significant heritable effects. The respective GRAMMAR scans (Appendix Figure 
A.7) show peaks at very different location to those shown in the epidemic phase analysis. 
The Mum trait genome scan was affected by high levels of inflation in the test statistic 
(λ=1.3) which could indicate confounded variables and/or residual structure in the 
environmental residuals. No additional information with which to explore structures not 
accounted for in the mixed model is available. As such whilst a single genome-wide 
significant SNP (ASGA0036173) is observed on SSC7 for the Mum trait this was not 
pursued.  
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Using the alternative model 1 only the Still, Fmor and Wean traits show a significant 
heritable effect in the variance component analysis. These GRAMMAR genome scans are 
shown in Figure 5.5. 
 
Figure 5.5 – Farm 1 Manhattan Plots using GRAMMAR for Still, Fmor and Wean Traits 
Using the Alt.1 Model with Epidemic Phase Data 
Bonferroni corrected significance thresholds shown at the genome wide (dashed line) and 
chromosome level (dotted line), based on 48,134 SNPs. SNPs significant above the 
indicative level shown labelled. QQ plots show x=y (red dashed line) where λ>1 degree of 
inflation indicated (blue dashed line) 
No significant SNP effects are indicated in the Still and Fmor traits in the genome scan 
above either significance threshold, or in the QQ plots by a deviation from the null 
distribution at the upper extreme (Figure 5). Inflation increases slightly for the Wean trait as 
compared to the basic model (λ=1.04 cf. 1.02) though is still within acceptable levels. 
Inflation is accounted for in the reported -log10(P); the extent of this scaling is shown in the 
QQ plot (blue dashed line) as compared to the line of unity (red dashed line). Four regions (5 
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SNPs) are indicated in the Wean trait genome scan. Two SNPs are significant above the 
chromosome level threshold on SSC15. ALGA0093550 and H3GA0047989, these are 
adjacent SNPs in the analysis with a high r2 value of 0.96. ALGA0034199 shown at the 
chromosome level of significance on SSC 5 using the Alt.1 model is ~16Mbp downstream 
from the SNP indicated using the basic model, however using the basic model a SNP just 
below the chromosome level significance threshold (ALGA0033856) is only 4Mbp away 
from ALGA0034199. The SNP significant on SSC9 using the Alt.1 model (ASGA0044703) 
appears just below the chromosome level of significance for the basic model (4th SNP by 
rank). To consider whether effect for other traits were equally sensitive to changes between 
the models the top 5 SNPs by rank for basic model were considered.For the Still trait of the 5 
top SNPs by rank in the basic model 2 of them appear in the top 5 SNPs by rank in 
alternative model two, for the Fmor trait this increased to 4. This suggests, whilst a degree of 
sensitivity is seen to alternative model terms in the location of SNPs there is considerable 
consistency across models. 
No SNPs show significance at the genome wide level, as such a significant effect at a 
specific locus cannot be demonstrated in these data. Limited amounts of evidence are seen 
suggesting indicating regions of interest. A SNP on SSC15 shows chromosome level 
significance in both the FASTA and GRAMMAR methods. Additionally, two SNPs in high 
LD, show an association with the Wean trait on SSC17, using the alternative 1 model these 
are not seen in the basic model. Whilst some indication of consistent signals between Basic 
and Alt.1 models (such as is seen for the Wean trait at the end of SSC5) the distribution of 
SNP effects at some loci appears sensitive to the inclusion of epidemic ID. Given the 
differences seen in disease indicator traits between phases shown in chapters 2 and 3 
considerable differences were expected between phases in the genome scans as shown for 
the Wean and Mum traits.  
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5.03.2 Farm 2  
Using the information from the variance component estimates with ~47,794 SNPs and ~276 
individuals, power was estimated using the basic model at 1.00 for the Still trait, the only 
trait for which a significant heritable effect is indicated,  suggesting adequate power to detect 
SNP effects. When alternative model 2 was considered this remained the same for the Still, 
Alive and Fmor traits (showing a significant heritable component) again suggesting sufficient 
power to detect SNP effects.  
FASTA 
The polygenic effect was calculated in step one. The resulting heritability estimates and p 
values for the polygenic effect are shown in Table 5.4.  
Table 5.4 – Heritability Estimates and Associated P Values Generated Using Polygenic 
Function in genABEL.  
Trait Model 






Basic 0.07 (0.29) 0.05 (0.38) 0.04 (0.27) 
Alt.1 NA – NA 
Alt.2 0.12 (0.18) 0.05 (0.61) 0.04 (0.25) 
Still 
Basic 0.13 (0.07) 0.15 (0.02) 0.04 (0.05) 
Alt.1 NA 0.15 (0.02) NA 
Alt.2 0.14 (0.07) 0.15 (0.03) 0.04 (0.05) 
Dead 
Basic – – 0.05 (0.06) 
Alt.1 NA – NA 
Alt.2 – – 0.05 (0.05) 
Alive 
Basic 0.08 (0.19) 0.13 (0.03) 0.01 (0.36) 
Alt.1 NA 0.13 (0.03) NA 
Alt.2 0.13 (0.06) 0.16 (0.01) 0.02 (0.27) 
Tof 
Basic – 0.04 (0.29) 0.05 (0.11) 
Alt.1 NA 0.03 (0.42) NA 
Alt.2 – 0.03 (0.4) 0.05 (0.08) 
Fmor 
Basic 0.04 (0.41) 0.1 (0.08) 0.04 (0.11) 
Alt.1 NA 0.1 (0.07) NA 
Alt.2 0.12 (0.11) 0.15 (0.02) 0.04 (0.1) 
Gest 
Basic – – 0.23 (5×10-4) 
Alt.1 NA – NA 
Alt.2 – – 0.21 (1×10-3) 
Heritability and (P-values) estimated using the polygenic function in genABEL as applied in 
step 1 of the FASTA methodology. “NA” indicates model not applicable to that phase, “–” 
indicates h2 estimate <1×10-8 (P=1) or failed to converge. 
Similar to the results of ASREML analysis, low numbers of animals are thought to limit the 
ability demonstrate a significant heritable effect for some traits and models. Where a 
polygenic effect is both estimable and indicated (P<0.1) a similar pattern is observed in these 
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estimates as is seen in chapter 3, in that an increase in heritability is observed in the epidemic 
phases as compared to non-epidemic phase. In many cases a larger heritability estimate is 
generated under alternative model 2 than under the basic model. For the Fmor trait a 
significant (P<0.05) heritable component is only indicated under alternative model 2. 
Applying the FASTA methodology to those traits and models for which a significant 
heritable component could be demonstrated, failed to identify any SNPs significantly 
associated with the reproductive traits in most cases. A single SNP indicated an effect for the 
Still trait during the epidemic including unknown phase under models Alt.1 and Alt.2. The 
Manhattan plot for the FASTA genome scan of the Still trait using the Alt.1 and Alt.2 model 
is shown in Figure 5.6. The basic model was not considered for epidemic including unknown 
phase given the unknown source of reproductive stress in the unknown epidemic. The 
Manhattan and QQ plots for the Alive trait analysis which failed to suggest any association 
are shown in the appendix. 
 
Figure 5.6 – Farm 2 Manhattan Plots using FASTA for Still Trait Using the Alt.1 and Alt.2 
Models with Epidemic Including Unknown Phase Data 
Bonferroni corrected significance thresholds shown at the genome wide (dashed line) and 
chromosome level (dotted line), based on 47,866 SNPs. SNPs significant above the 
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indicative level shown labelled. QQ plots show x=y (red dashed line) where λ>1 degree of 
inflation indicated (blue dashed line) 
While the potential for a true effect is indicated in the QQ plot (most SNPs showing no 
effect, with the one top SNP showing a deviation from null distribution), given a lack of 
supporting evidence, such as a trail of increased -log10(P values) in the region, this effect was 
not explored further. 
As can be seen from the plots a very similar distribution of the SNP effects is seen between 
the Alt.1 and Alt.2 models. 
GRAMMAR Results 
Following GRAMMAR genome scans on the environmental residuals produced using the 
Epidemic phase data resulted in high λ estimates. The QQ plots for traits and models for 
which a heritable component was indicated (P<0.1) in the ASREML analysis (see Table 3.7) 
are shown in Figure 5.7. 
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Figure 5.7 – Farm 2 Epidemic Phase GRAMMAR QQ Plots 
Expected and observed -log10(P) values from the GRAMMAR score applied to the Farm 2 
Epidemic phase analysis. Traits and models shown indicate (P<0.1) a heritable component in 
the ASREML analysis in Table 3.7. QQ plots show x=y (red dashed line) where λ>1 degree 
of inflation indicated (blue dashed line) 
In Figure 5.7 inflation of the test statistic is indicated in the QQ plots and estimates of 
lambda. High levels of inflation can be an indication of confounding in the statistical models. 
This confounding can occur from a variety of sources including incomplete accounting of 
environmental sources of variation, population stratification or genetic structures created by 
selection. Very high p-values in specific regions could indicate regions targeted by selective 
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breeding and resulting loss in diversity (Campbell et al., 2005) though very few SNPs met 
chromosome level significance and inflation did not appear restricted to specific regions. To 
consider the effect of population structure on inflation, principle components were 
considered and included in the ASREML model (see section 3.02.3). The inclusion of 
principal components slightly increased the λ estimates suggesting population structure was 
not responsible for the observed inflation. It is possible that residual structure in the 
environmental residuals occurred as a result of an incomplete accounting for the polygenic 
effect, given the low numbers of animals involved and high standard errors for the additive 
genetic variance.  
As shown in Figure 5.8 when the additional data from the unknown epidemic is included, a 
slight reduction is seen in the estimates of lambda. An increase is also seen in the component 
to standard error ratio when the repeated measures model is used (see Table 3.7) as 
compared to the single measures data (see Table A.7) suggesting improvements in statistical 
power. Whilst lambda is still elevated this is accounted for in the scaling of the SNP p-values 
using genomic control. 
Genetic Associations of Reproductive Traits Under PRRSV Challenge 
183 
 
Figure 5.8 – Farm 2 Epidemic Including Unknown Phase GRAMMAR QQ Plots 
Observed -log10(P) values from the GRAMMAR analysis compared to a theoretical set of 
quantiles under a null distribution for repeated and single measures dead. x=y (red dashed 
line) where λ>1 degree of inflation indicated (blue dashed line) 
The Manhattan plots of the GRAMMAR genome scan using Still trait environmental 
residuals across phases and models are shown in Figure 5.9. For the Epidemic and Non-
Epidemic phases the basic model is shown, for the epidemic including unknown phase 
alternative model 1 is shown; alongside alternative model 2 genome scans for all phases. 
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A marked difference is seen in the distribution of effects between the non-epidemic and 
epidemic phases, though a common feature to all scans is evidence of an effect on SSC14, 
which reaches chromosome wide significance for epidemic including unknown phase in the 
Alt 2 model (SNP ASGA0054954) (Figure 10). In these data no difference is seen fitting the 
trait trend in the general distribution of the effects other than minor differences in the 
reported P values.  
The peaks on SSC13 (ASGA0059923) and SSC18 (ALGA0114284), which are significant at 
the chromosome level threshold in the non-epidemic phase are not indicated in epidemic 
phase analysis, while the peak on SSC10 (DIAS0004457), which is significant at the 
chromosome level in the epidemic phase analyses is not indicated in the non-epidemic phase 
analyses. It is interesting that with the inclusion of 54 litters from the time-period of 
increased reproductive stress the top SNP changes from DIAS004457 on SSC10 to 
ASGA0064594 on SSC14. 
5.03.3 Joint Analysis 
Using GWAPower, power was estimated at > 0.98 for all traits in the epidemic phase under 
the basic model and alternative model Alt1.  
FASTA Results 
A significant (p<0.05) heritable component was only observed for some reproductive traits, 
namely Still, Tof and Gest, for some models and phases. These are shown in Table 5.5. 
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Table 5.5 – Heritability Estimates and Associated p-Values Generated Using The Polygenic 
Function in genABEL.  
Trait Mode 






Basic 0.13 (0.04) 0.13 (0.03) – 
Alt.1 0.09 (0.38) 0.09 (0.27) NA 
Alt.2 – – – 
Tof 
Basic 0.08 (0.01) 0.07 (0.02) – 
Alt.1 0.06 (0.04) 0.06 (0.04) NA 
Alt.2 0.06 (0.04) 0.06 (0.04) 0.04 (0.24) 
Gest 
Basic 0.16 (4×10-3) 0.13 (0.02) 0.18 (1×10-8) 
Alt.1 0.13 (0.03) 0.10 (0.14) NA 
Alt.2 0.12 (0.05) 0.10 (0.17) 0.18 (2×10-8) 
Heritability and (P-values) estimated using the polygenic function in genABEL as applied in 
step 1 of the FASTA methodology. 
The subsequent FASTA genome scan indicated a single SNP reaching chromosome wide 
significance for the Still trait in the Epidemic phase under the basic model, with very similar 
Manhattan plots for the alternative model Alt.1 and Alt.1 model when the unknown epidemic 
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GRAMMAR Results 
The variance component estimates from the mixed models used to derive the environmental 
residuals for the joint farm GRAMMAR analysis are shown for the non-epidemic and 
epidemic phase in Table 3.8 and for the epidemic including unknown phase in Table 3.9.  
Epidemic phase 
For the epidemic phase most reproductive performance traits (Mum, Still, Dead, Alive, and 
Fmor) show a significant (P<0.05) or close to significant heritable component under the 
basic model. Figure 5.11 shows the -log10(P) of SNPs following GRAMMAR regression of 
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Across the traits 13 SNPS show evidence of a significant effect over the chromosome level 
significance threshold, of which 5 show an effect at the genome wide corrected threshold. 
One SNP (MARC0016053) appears in both the Mum and Fmor analyses. Alive, Fmor and 
Dead show no evidence of inflation (λ=1) while Still and Mum show limited inflation in the 
test statistic at λ=1.02 and λ = 1.08, which is accounted for by the scaling of the reported P- 
values. In all genome scans except for the Dead trait, a positive deviation from the null 
distribution is observed at the upper end of the QQ plots as expected for a limited number of 
SNPs showing effects.  
For the Alt.1 model in the variance component analysis a slight reduction in power to 
estimate the heritable genetic component is seen compared to the basic model. However, a 
genetic effect is indicated (P<0.1) in all traits and the results from the GRAMMAR single 
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Across all the reproductive traits considered, 14 SNPS show evidence of a significant effect 
above the chromosome level significance threshold, of which 3 SNPS show an effect at the 
genome wide threshold. 4 SNPs, including the 3 genome wide significant SNPS 
(MARC0016053, ALGA0087227, ALGA0087207 and ASGA0070725), appear in the results 
for more than one trait, and all of these are also indicated in the basic model analysis. Of the 
14 SNPS, only 3 are unique to the Alt.1 model results, whereas 11 SNPs are common to the 
basic and Alt. 1 model genome scans.  
Alive, Fmor and Dead show no evidence of inflation (λ=1) while Still and Mum show limited 
inflation in the test statistic at λ=1.03 and λ = 1.07, though no systematic change is seen to 
basic model estimates. GC is applied to the reported P values where λ>1. In all genome 
scans, a positive deviation in a seen in the observed -log10(P) values for a few results at the 
upper end, as compared to that expected under a null distribution. 
Using alternative model Alt. 2 a significant additive genetic effect could only be 
demonstrated for the Still trait.  
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Figure 5.13 – Joint Farm Manhattan Plots using GRAMMAR for Still Trait Using the Alt.2 
Model with Epidemic Phase Data  
Bonferroni corrected significance thresholds shown at the genome wide (dashed line) and 
chromosome level (dotted line), based on 47,976 SNPs. SNPs significant above the 
indicative level shown labelled. QQ plots shows x=y (red dashed line) where λ>1 degree of 
inflation indicated (blue dashed line) 
Only one SNP (ASGA0046593) is indicated at the chromosome level of significance in this 
analysis (Figure 14). The same SNP was indicated for the basic and alternative model Alt 1 
(Figures 12, 13).  
In summary, in the models and traits presented for epidemic phase data (which omits Alt.2 
model for the traits Mum, Still, Dead and Fmor) 16 unique SNPS are identified, some 
indicating an effect in several models and traits. The chromosome, position, p-values, 
reported effect size using GRAMMAR (including. SE) and MAF for SNPs showing an effect 
above the chromosome level of significance is shown in the appendix in Table A.11 – P 
Values and Effect Size Reported Using GRAMMAR for SNPs Significant at the 
Chromosome Level for Joint Epidemic Phase Analysis. A reduced table showing only 
unique Trait/SNPs combinations is shown in Table 5.6, where a SNP indicates an effect in 
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more than one model, the record with the lowest SNP P-value is shown, with additional 
models the SNP shows an effect using indicated.  
Table 5.6 – P Values and Effect Size Reported Using GRAMMAR for Unique SNPs 
Significant Above Chromosome Level for Joint Epidemic Phase Analysis 
Trait Model SNPS SSC Position P-value Effect Size MAF Other Models 
Fmor Basic ALGA0121571 3  24,409,351 3×10-6 0.12 (0.03) 0.05 Alt.1 
Mum Alt.1 ASGA0018788 4  18,736,505 2×10-5 -0.1 (0.02) 0.14 
 
Mum Basic ASGA0031083 7   9,690,196 5×10-6 0.08 (0.02) 0.43 Alt.1 
Mum Alt.1 ALGA0044856 7 118,565,139 6×10-6 -0.09 (0.02) 0.14 
 
Mum Basic MARC0016053 9 135,725,781 2×10-7 0.12 (0.02) 0.14 Alt.1 
Fmor Alt.1 MARC0016053 9 135,725,781 4×10-7 0.06 (0.01) 0.14 Basic 
Still Basic ASGA0046584 10  14,519,759 1×10-5 -0.07 (0.01) 0.36 Alt.1 
Still Alt.1 ASGA0046593 10  14,647,576 1×10-5 -0.07 (0.01) 0.36 Basic, Alt.2 
Still Basic ASGA0053674 12  19,418,067 9×10-6 0.07 (0.02) 0.31 
 
Alive Alt.1 ASGA0054360 12  36,158,023 2×10-6 -0.95 (0.2) 0.23 Basic 
Alive Alt.1 ALGA0066256 12  38,004,200 3×10-6 -0.88 (0.19) 0.25 Basic 
Mum Alt.1 ALGA0085129 15  50,703,404 7×10-6 -0.09 (0.02) 0.22 
 
Still Alt.1 ALGA0087227 15 138,208,768 1×10-6 -0.09 (0.02) 0.22 Basic 
Still Alt.1 ALGA0087207 15 138,593,445 4×10-7 -0.09 (0.02) 0.23 Basic 
Dead Alt.1 ALGA0087207 15 138,593,445 1×10-5 -0.11 (0.03) 0.23 
 
Still Alt.1 ASGA0070725 15 138,715,882 5×10-7 -0.09 (0.02) 0.22 Basic 
Dead Alt.1 ASGA0070725 15 138,715,882 1×10-5 -0.11 (0.03) 0.22 
 
Still Alt.1 MARC0016887 17  25,600,780 3×10-6 0.15 (0.03) 0.06 Basic 
Still Basic ALGA0097620 18  27,442,071 2×10-5 0.12 (0.03) 0.09 
 
P-value corrected for λ where λ>1, Effect size is as reported in the GRAMMAR score and 
therefore is expected to underestimate the true effect. Where the same SNP occurs in 
multiple models the model with the lowest P -value shown. SNPs significant above the 
genome-wide significance threshold are shown highlighted in green. 
In these results 3 regions are indicated as showing an effect by more than one SNP in the 
same chromosome region. These regions are on SSC10 (2 SNPs Still Trait, Basic model), 
SSC12 (2 SNPS Alive Trait, Alt.1 model) and SSC15 (3 SNPS Still trait all models, two of 
which are significant at the genome wide level).  
Linkage disequilibrium (LD) was therefore investigated in these regions, and the r2- values 
as a heat density plot for all pairwise LD in the region are shown in Figure 5.14. Strong 
levels of LD are clearly visible between the SNPs identified in the GRAMMAR genome 










































































































































Genetic Associations of Reproductive Traits Under PRRSV Challenge 
196 
The SSC15 region which contains 2 SNPs significant above the genome wide level show 
very strong LD (r2=0.997 between the two SNPs indicated). Grouping the 7 SNPs into the 3 
regions for which elevated levels of LD are observed between SNPs indicated in the genome 
scan, 13 unique regions (non-overlapping between traits and models and not indicating an 
effect in the same chromosomal region linked by LD) in nine different chromosomes 
indicate an association with reproductive performance traits in the epidemic phase joint farm 
analysis. 
Four trait/model combinations were selected for the permutation analysis to estimate genome 
wide empirical significance based on the potential indicated in the presented genome scans. 
These were Mum and Still traits using the basic model and the Alive and Fmor traits using 
alternative model 1. With 10,000 times permutation genome-wide significance was 
estimated shown in Figure 5.15. 
 
Figure 5.15 – Empirical Genome Wide Significance for Traits Suggesting Genome Wide 
Significant SNP Effects Using Basic and Alt.1 Models 
Permutation analysis (×10,000) of trait and model combinations suggesting genome wide 
significant SNP effects using GRAMMAR analysis. Dotted line shows significance 
threshold at -log10(P=0.05). 
Only five SNPs (MARC0016053, ALGA0087207, ASGA0070725, MARC0016887, 
ASGA0054360) show genome wide significance (P<0.05) in the permutation test. These five 
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SNPs were selected for further characterisation using the measured genotype approach to 
explore SNP effects, the relationship between variance components and the SNP effect and 
interactions between model terms and SNP effects, which could indicate confounding. One 
further SNPs was also included based on the evidence presented in the genome scans, 
namely ALGA0121571 on SSC 3 as it approaches genome wide significance for the Fmor 
trait using the basic model, appears above the chromosome significance threshold in the 
Alt.1 model and appears above the genome wide significance threshold in the Alt.2 model. 
Following permutation analysis on the Fmor trait model an empirical genome-wide p-value 
was estimated at P=0.092 (Alt.1 Model) and P=0.014 (Alt.2 Model). 
Other Phases 
GRAMMAR analyses were also carried out for the epidemic including unknown phase. 
Individual results are shown in the appendix for alternative model 1 (Figure A.9). In total 8 
SNPs indicate significance in the joint epidemic including unknown phase analysis, of which 
1 is unique and 7 also appear in the epidemic phase analysis (Table A.12 – ). No new SNPS 
were found at the genome-wide significance threshold. Analyses using non-epidemic phase 
are shown in the appendix (Figure A.10). These were used to look for evidence of peaks in 
the same location as those presented, which were not seen. 
Measured Genotype  
In total, the following 6 SNPs that showed a significant (P<0.05) genome-wide effect in the 
above GRAMMAR GWA analyses, were considered for further characterisation using the 
measured genotype approach 
 ALGA0121571 on SSC3  
 MARC0016053 on SSC9  
 ASGA0054360 on SSC12  
 ALGA0087207 on SSC15  
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 ASGA0070725 on SSC15  
 MARC0016887 on SSC17  
Specifically, the individual SNPs were included as additional fixed effects in the linear 
mixed model analysis in ASREML for all reproductive traits in order to validate their 
significance and to estimate the allelic substitution effect and the percentage of additive 
genetic variance explained by the SNP in consideration. This was done using the basic model 
and alternative model 1, given the low additive genetic variance estimates and the potential 
therefore for confounding of the genetic effect for alternative model 2 was not considered for 
estimating effect sizes. Effect sizes are presented using the basic model with consideration 
made for Alternative model 1 to ensure that the effect on trait variance was significant when 
differences in epidemic were accounted for. 
Using a smaller GRM, including only those animals included in the epidemic phase made no 
substantial difference to the variance component estimates. For comparison to the SNP 
models and calculation of the σ2SNP as a percentage of σ2A(Baseline) these estimates are 
provided in Table 5.7.  
Table 5.7 – Variance Component and Heritability Estimates Generated for the Subset of 
Animals and SNPs in the Joint Farm Epidemic Phase Measured Genotype Analysis 
Trait σ2A (SE) σ2P (SE) h2 (SE) σ2A LRT P 
Mum 0.03 (0.03) 0.56 (0.03) 0.06 (0.05) 0.05 
Still 0.09 (0.03) 0.43 (0.02) 0.2 (0.06) 1×10-4 
Dead 0.05 (0.03) 0.65 (0.03) 0.07 (0.05) 0.04 
Alive 0.87 (0.59) 10.9 (0.55) 0.08 (0.05) 0.03 
Tof 0.92 (0.51) 8.8 (0.45) 0.1 (0.06) 0.01 
Fmor 0.01 (0.01) 0.09 (5×10-3) 0.11 (0.05) 0.01 
Variance components and heritability estimates generated using the basic, repeated measures 
model based on only joint farm epidemic phase animals shown in Table 5.2 
To check whether the two SNPs on SSC15 showed any evidence of independent effects, both 
SNPs genotypes were fitted as fixed effects together in models for all traits. Only 
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ALGA0087207 was found significant (Wald F statistic P-values <0.05).As such SNP effects 
are only presented for ALGA0087207 on SSC15. 
The results from this measured genotype analysis are shown in Table 5.8. As dominance 
effects were not found statistically significant for any of the traits / models, all SNP effects 
presented were calculated under the additive model. 
Genetic Associations of Reproductive Traits Under PRRSV Challenge 
200 
Table 5.8 – P Values and Effect Size Reported Using Measured Genotype for Unique SNPs 
Significant At the Genome-Wide Level for Joint Epidemic Phase Analysis 
SNP Trait 
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Table 5.8 – P Values and Effect Size Reported Using Measured Genotype for Unique SNPs 
Significant At the Genome-Wide Level for Joint Epidemic Phase Analysis: α indicates 
estimate of the allele substitution effect using the additive model. Dominance models were 
not significant for any SNPs. σ2SNP provides estimate of SNP variance and %σ2A gives SNP 
variance as a percentage of the total baseline additive genetic variance (Table 5.7). Each trait 
and SNP previously identified as genome-wide significant shown shaded green  
Using alternative model 1 the SNP Wald P values on trait variance were similar as those 
presented for the basic model. Models were also run to investigate the SNP effect in the 
presence of a SNP × population (farm and sow line) interaction. In all cases the SNP retained 
significance while the interaction term was not significant. This suggests that the model was 
adequately capturing the between farm and between sow line effect.  
The only SNP which did not indicate a significant effect (P<0.1 Wald F test P) on the trait 
for which it was identified by the GWA analysis was ALGA0087207. However, a significant 
effect for this SNP was observed for all other disease indicator traits (p-values <0.085). The 
direction of the estimated allelic effect was consistent among the traits in consideration, i.e. a 
negative allelic effect for the Alive trait corresponded to a positive effect in loss traits (Mum, 
Dead and Fmor). 
ASGA0054360 had a significant effect on the Alive trait, for which an association was 
detected in the GWA analysis, with a Wald F-statistic p value of 0.069. A significant effect 
for this SNP was also indicated in the Still (P=0.091), Dead (P=0.046) and Fmor (P=0.086) 
trait with significant (P<0.06) ASE. Again, the direction of estimated allele effects was 
consistent across the traits. This SNP is the only one which also shows an effect for the Tof 
trait (Wald P<0.002). 
ALGA0121571 was not only confirmed to have a significant effect on Fmor trait variance 
using alternative Model 2 (as indicated by the GWA analysis) but was also significant when 
the basic or alternative model Alt.1 was used (P<0.01). A significant effect for this SNP was 
also found for the individual loss traits Mum and Still (P<0.068) and for both the Dead trait 
(P=0.004) and Alive trait (P<0.001).  
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The measured genotype approach not only confirmed the significant effect of 
MARC0016053 on Mum and Fmor, but also indicated a significant effect on the Dead and 
Mum traits (P<0.001).  
No statistically significant interactions between SNP effects and other fixed effects (e.g. 
farm, sow line) were observed in any of the models. In summary, three SNPs were identified 
as showing a significant effect on the Mum trait (Wald P<0.05), i.e. MARC0016053, 
ALGA0087207 and MARC0016887, with MARC0016053 explaining the majority of the 
observed genetic variation. When all three SNPs were fitted simultaneously in the mixed 
model, only MARC0016053 and MARC0016887 were found to have a significant 
association with Mum (Table 5.9).Only one SNP, i.e. MARC0016887 was found to have a  
significant effect on the Still trait, explaining 1.79% of the variation. 
All five examined SNPS were shown to be associated with the Dead trait, with each 
individual SNP explaining between 15-53% of the total additive genetic variance, except for 
MARC0016887, which only explained a negligible 1% of the total additive genetic variance.  
When all five SNPs were fitted simultaneously in the mixed model, only ALGA0121571, 
MARC0016053 and MARC0016887 remained significant (Table 5.9). 
Similarly, when fitted individually, all of the examined SNPs, except for ALGA0054360, 
were found to have a significant effect on the Alive trait. Simultaneous fitting of these SNPs 
reduced the significant SNPs to the same three (ALGA0121571, MARC0016053 and 
MARC0016887) as found for the Dead trait (Table 5.9).    
Finally, after both, individual and simultaneous fitting, the same three SNPs 
(ALGA0121571, MARC0016053, MARC0016887) demonstrated a significant effect on the 
Fmor trait.  
Finally, to consider the effect these SNPs combined have on additive genetic variance, all 
SNPS indicating a significant effect on the variance of each trait were included as separate 
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fixed effects using the basic model. Variance component estimates and the SNP Wald 
statistic P value for these models are shown in Table 5.9 
Table 5.9 – Variance Component Estimates and Wald P Value for Measured Genotype 
Model Including SNPs Previously Indicating an Assocation With Each Trait 










































































ALGA0121571 – – 0.003 0.001 – 0.001 
MARC0016053 0.001 – 0.002 0.001 – 0.001 
ASGA0054360 – – 0.170 – 0.002 – 
ALGA0087207 0.083 – 0.135 0.063 – – 
MARC0016887 0.010 0.048 0.005 0.001 – 0.011 
– denotes not fitted. 
For the Mum, Dead and Alive traits a significant heritable component cannot be 
demonstrated with the SNPs included. This suggests that these SNPs explain a considerable 
proportion of the additive genetic variance. Considerable reductions are seen in both additive 
genetic variance and heritability. A very marginal reduction is seen in additive genetic 
variance for the Still trait with MARC0016887 fitted (σ2A=0.08) as compared to the baseline 
(σ2A=0.09). This may be expected given the SNP variance as a percentage of total additive 
genetic variance was only 1.79%. While no reduction is seen in the additive genetic variance 
for the Fmor trait this is likely to be a result of rounding error given a reduction is seen in 
heritability from 0.11 in the baseline as compared to 0.09 with the three SNPs fitted. 
To consider whether an effect could be demonstrated for these SNPs in non-epidemic phase 
the measured genotype analysis was performed using non-epidemic phase data. This 
considered the effect of each of the five SNPs on trait variance, fit separately for each SNP / 
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trait combination. No SNPs show evidence of a significant effect on trait variance in non-
epidemic phase.  
 Discussion 
Five SNPs have been identified and validated to have a significant effect on reproductive 
performance of sows during a PRRSV outbreak. Given that genetic variances for most 
reproductive traits during the non-epidemic phase were mostly negligible, and relatively 
small during the epidemic phase, estimated SNP effects were relatively large. There are a 
number of factors that could contribute to this. Power is a consideration in the experimental 
design of any GWA analysis. Whilst for the individual analyses and joint analysis sufficient 
power was indicated, these were not realised in terms of detectible genome wide significant 
SNPs. Whilst the trait could be polygenic and no detectible SNP effects are present, this is 
unlikely in light of the results of the joint analysis It is possible that incomplete exposure 
across the population reduced the power of the analysis (see Bishop & Woolliams 2010). In 
the absence of direct, individual measures of infection or disease status prevalence is not 
known and therefore the effect on power cannot be explored.  
Also possible is the Beavis effect (Beavis, 1998). This describes an upward bias to the effect 
size calculated for SNPs included in the model as a result of low power in the model but 
which have an effect. The unexplained variance in the excluded SNPs may cause inflation of 
the effects of the SNPs included in the model. Finally, the lower heritability estimates 
observed in the SNP derived estimates of heritability as compared to the pedigree derived 
estimates of heritability (see chapter 3 discussion) may underestimate the total genetic 
variance, and thus lead to inflated SNP effects as a proportion of that variance.  
Whilst some sensitivity is observed with respect to significance of SNPs when the alternative 
models are fitted (considering differences in epidemic and dynamic trend) some loci appear 
more sensitive than others. Only slight differences are seen between the models (Basic, Alt.1 
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and Alt.2), within farm and epidemic. The Manhattan profiles in the joint analysis more 
closely reflect the farm 1 analyses than the farm 2 analysis. However, our results clearly 
showed that combining both farms in the joint analyses is advantageous in term of statistical 
power to detect SNPs with genome wide significance.  
With alternative model 1 fitted in the measured genotype analysis all the SNPs showed 
equally significant effects on trait variance as observed in the Basic model. Also tested was 
the effect of these SNPs on trait variance in non-epidemic phase where a significant effect 
(P<0.1) could not be demonstrated. Whilst this suggests that the observed SNP effects are 
specific to the PRRSV outbreaks, the reduced trait variance in non-epidemic phase could 
have limited the power to detect a significant effect.  
Whilst it may appear self-evident that loci conferring benefits in terms the numbers born 
alive may confer reductions in terms of losses this may not necessarily follow. Indications 
are that the benefits conferred that the SNP effects analysed were consistent in terms of the 
direction of change in the loss (Mum Still Alive Dead and Fmor) and production (Alive) 
traits. 
There are considerable differences between the results from the two single SNP GWAA 
methods employed, with considerably fewer SNPs identified using FASTA. However, these 
differences cannot be attributed to the methods themselves. The GRAMMAR method was 
employed using the environmental residuals from restricted maximum likelihood whereas 
FASTA was employed on the variance structures calculated using maximum likelihood, 
sometimes called full maximum likelihood (Kreft & de Leeuw, 1998). Using Restricted 
Maximum likelihood variance structures can be described as more realistic and larger than 
full maximum likelihood methods (Raudenbush & Bryk, 2002). Some similarities are noted, 
the genome-wide SNP indicated in the joint farm analysis on SSC15 is ~10Mbp from a SNP 
indicated for the Still trait FASTA Farm 1 analysis; the genome wide SSC9 SNP presented 
using GRAMMAR is 11Mbp from a SNP indicated using the FASTA analysis. Results from 
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preliminary scans using the GRAMMAR methodology on estimates using maximum 
likelihood estimates showed very similar results to the FASTA method with only minor 
changes to the reported P values but no change in terms of rank order. 
Whilst genome scans are only shown for traits and models which show a significant heritable 
component, a couple of factors suggest that the corresponding environmental residuals could 
still be of value using the GRAMMAR analysis: firstly, all ASREML models converged and 
variance component estimates were not fixed at the lower boundary limit suggesting that, 
though non-significant, the additive genetic effect was removed in this process. Second, 
preliminary scans looking at the QQ plots from the GRAMMAR analysis on these residuals, 
inflation of the test statistic was not suggested (λ=1) and comparing the expected null 
distribution of the test statistic with the observed values no aberrations suggesting 
confounding are observed. Only a few instances of deviation from the line of unity are 
observed at the upper end of the distribution suggesting a few SNP effects detected in the 
results. These could be further considered at a later stage to explore other SNP associations. 
Lewis et al. 2009 reported 11 SNPs significant at the genome-wide level in association with 
disease associated PRRS traits for farm 1 data using 4,595 SNPs. Given the small number of 
SNPs on the 7K SNP chip much lower genomic control parameters are set used (MAF< 0.01, 
Call Rate <40%) with 4,595 incorporated into the analysis. Of the reported significant 
associations 6/11 have a minor allele frequency of <0.05 which would be excluded in this 
analysis. One of the other differences between this analysis and the Lewis study is the 
inclusion of repeated measures and the fitting of a permanent environmental effect. Although 
the number of repeated records is limited, the actual estimates of permanent environmental 
variance are relatively high compared to the additive genetic variance estimates for the three 
traits (Mum, Dead and Alive) presented in the (Lewis et al., 2009c) study. Given the size of 
this environmental effect, and the disproportionate contribution of records from the same 
animal, there is a risk of upward bias of the additive genetic variance component and SNP 
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effects. It is also possible that the higher number of SNPs in the Bonferroni method applied 
this analyses could have increased the conservativeness of the test in this analysis (Gao et al., 
2010). 
Our results are in broad agreement with previous GWA studies of pigs. For example, the 
ALGA0087207 SNP identified on SSC15 lies between the 2 SNPs identified in (Yang et al., 
2016) in an analysis of PRRSV associated foetal death. ALGA0087207 is approximately 5 
Mbp from each of the two previously demonstrate SNP associations demonstrated for 
MARC0055746 and ALGA0087932. No similarities are seen between these findings and 
those presented in Serão et al., (2014). This may relate to the difference in the traits used. 
Whilst in PRRS phase one SNP is indicated on SSC1 for mortality traits the two QTL 
reported in SSC7 (further validated in Serão et al., (2016)) are based on antibody titre, 
whether humoral response can be used as a resilience type trait is widely debated (Adamo, 
2004).  
Exploring the Animal Quantitative Trait Loci (QTL) Database (Hu et al., 2005, 2016), 
several published regions in association with various traits span the position of the genome 
wide-significant SNPs identified in the joint farm analysis. A high number of phenotypes 
(between 39 and 61) are found at each locus. These contain a large number of carcass and 
meat quality traits which are of high economic value to the industry and are heavily funded 
topics of research. There are, however, a number of associations with disease or reproductive 
traits. For example, for ALGA0121571 (SSC3 at 24 Mbp) associations have been shown at 
this locus for both monocyte percentage (Gong et al., 2010) at 22 Mbp – 38Mbp and the 
more general white blood cell count 22 Mbp – 67Mbp (Okamura et al., 2012). Spanning the 
locus for MARC0016053 (SSC9 at 135 Mbp), associations shave been shown for Salmonella 
count in the spleen 126Mbp – 139Mbp (Galina-Pantoja et al., 2009). For the locus identified 
on chromosome 12 (ASGA0054360 36Mbp) a number of disease susceptibility and 
immunological trait associations span this region Actinobacillus pleuropneumoniae 
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susceptibility 23Mbp-60Mbp  (Reiner et al., 2014); Interleukin 10 level, Toll Like Receptor 
(TLR) 9 level and TLR 2 level 24Mbp-60Mbp (Uddin et al., 2011); and Mycoplasma 
pneumonia susceptibility 35-47Mbp (Okamura et al., 2012). Spanning the SNP shown in 
association on SSC15 are several previously demonstrated associations with Salmonella 
count in liver and spleen 37-149Mbp (Galina-Pantoja et al., 2009), Toll-like receptor 2 level 
(Uddin et al., 2011), litter size and number born Alive (Schneider et al., 2012). Finally, 
previously reported significant associations spanning the SNP locus identified on SSC18 
(ALGA0097620, 27Mbp) include at 6Kbps-55Mbp Actinobacillus pleuropneumoniae 
susceptibility (Reiner et al., 2014); 24-46Mbp Mycoplasma hyopneumoniae antibody titre 
(Uddin et al., 2010); and 24-32Mps Interleukin 10 level (Uddin et al., 2011). Some of these 
span large portions of a chromosome and the likelihood of finding an association covering a 
locus depends on this breadth of coverage. Whilst only the locus on SSC15 shows direct 
overlap with previously reported loci for PRRSV challenge traits, Yang et al., (2016) also 
reported similar cross over between the QTL identified in his analysis and reported 
associations in the animal QTLdb for leukocyte profile, toll -like receptor expression and 





Chapter 6. Regional Associations of Reproductive 
Traits Under PRRSV Challenge  
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 Introduction 
Regional Heritability Mapping (RHM) is an approach which has been suggested as a method 
of identifying genomic regions in association with traits, where individual SNP effects may 
not individually contribute enough variance to be detected (Nagamine et al., 2012). This 
approach may help identify genomic regions associated with phenotypes measured in 
smaller, stratified populations, that could not be detected by single SNP GWAS (Riggio et 
al., 2014). This methods has also been proposed as a means of accounting for the ‘missing 
heritability’ absent from some GWA analyses (Shirali et al., 2016) and as a means of 
combing regional effects for improved statistical power (Uemoto et al., 2013). In addition to 
analyses of human traits, it has also been used to explore the genomic architecture of 
nematode resistance in sheep (Riggio et al., 2014). Given the low heritability estimates of 
reproductive performance traits obtained from SNP data in the previous chapter, and that 
only few SNPs with moderate effects on reproductive performance could be identified in the 
previous chapter, RHM seems a suitable method to investigate the genomic architecture 
underlying the reproductive performance data in this study.  
This chapter will use Regional Heritability Mapping (RHM) to explore the distribution of the 
genetic variance in survival and mortality traits during PRRSV outbreaks across the genome. 
By dissecting the genome into windows and investigating the significance of the genetic trait 
variance explained by each window; the contribution of the window to the trait variance may 
be explored. To look for evidence of a putative SNP association in significant windows, each 
SNP in each significant window will be fitted individually as a fixed effect using the same 
model and data as used in the RHM, and the magnitude of the SNP effect will be calculated 
for statistically significant SNPs. 
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 Materials and Methods 
6.02.1 Data 
The data used in these analyses is described in section 2.02.1. Specifically, only data from 
the two farms related to the ELISA confirmed PRRSV epidemic phase will be used in this 
chapter to identify regions of the genome which show an association with reproductive traits 
under PRRSV challenge. Furthermore, given an inability of the RHM methodology to fit a 
permanent environmental effect only data containing the first record per animal will be used, 
as described in section 5.02.1.  
Of the 57,440 SNPs used in the GWA analyses, only the 52,648 mapped SNPs could be used 
in the RHM. SNPs and animals were subject to genomic quality control. 914 SNPs were 
excluded with a low call rate (<90%), 7,535 SNPs were excluded with a low MAF (<5%), 
143 SNPs were excluded as they fell into both exclusion categories. Of the 1,553 animals for 
which genetic data was available 919 animals had records in the Epidemic Phase of which 31 
were excluded because of low call rate (<90%), 3 were excluded because of too high 
autosomal heterozygosity (FDR<1%), 2 animals were excluded because of assumed errors in 
labelling and/or tracking of samples (corrected Identity-by-State (IBS) value > 1) leaving 
883 animals for analysis. 
For estimating the effect size of each putative SNP on reproductive performance phenotypes, 
the full genotype data was used. The QC applied to this data is shown in the 5.02.1 section: 
‘FASTA & Measured Genotype QC’.  
6.02.2 Statistical Models 
Response variables and fixed effects were the same as those used in the joint farm GWA 
analysis in Chapter 5. In particular, the three models (Basic, Alt.1 and Alt.2) were applied 
separately to each of the five disease indicator traits (Mum, Still, Dead, Alive and Fmor). 
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The regional heritability mapping methodology divides the genome into small consecutive 
overlapping regions. These regions, or windows, comprise a fixed number of SNPs for 
which a genomic relationship matrix (GRM) can be created (GWIN). This is fitted in a full 
model including both the window genomic relationship matrix and the whole genome 
genomic relationship matrix (GA), generated using all SNPs. This model is shown described 
in matrix notation in Equation 6.1. 
𝒚 = 𝑿𝜷 + 𝒁𝑨𝒖 + 𝒁𝑾𝒗 +  𝜺 
Equation 6.1 – Matrix Equation of the Mixed Model 
 
Where y is a vector of observations (the reproductive performance trait in consideration); X 
is a design matrix relating the observation to the fixed effects; β is a vector of fixed effects, 
ZA is an incidence matrix of additive genetic random effects, ZW is an incidence matrix of 
additive window random effects, u is a vector of additive genetic random effects, v is a 
vector of window additive genetic effects and ε is the error term. It was assumed that the 
random effects and errors were independently distributed: u ~ N(0, GA ∙ σ2A); 
v ~ N(0, GWIN ∙ σ2WIN) and ε ~ N(0,  I ∙ σ2E). I is an n×n identify matrix. The variance associated 
with the genomic relationships of the window (σ2WIN) are estimated, in addition to the 
estimate of genomic additive genetic variance (σ2A) and environmental (residual) variance 
(σ2E). From these values the total phenotypic variance (σ2A+ σ2WIN+σ2E=σ2P), a genomic 
heritability (σ2A / σ2P = h2) and a window heritability (σ2WIN / σ2P = h2WIN) can be calculated 
(Riggio et al., 2014).  
Furthermore, three types of GRMs were fitted, one where the whole population GRM is 
maintained as is, one where the between farm relationships are fixed at Zero and one where 
the between sow line relationships are fixed at zero. This method is applied in Riggio et al., 
(2014) and also considered in Hess et al., (2016) based on the work of Hayes et al., (2009). 
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This considers relationships between populations as not fully known which may cause bias 
in the results. In total 9 RHM genome scans were run on each trait. 
By comparing this full model to a reduced model, where the random window effect is 
omitted the significance of the random window effect was ascertained using a likelihood 
ratio test (LRT). The LRT statistic for the random window effect is assumed to be taken 
from a mixture of the  Χ 20 and Χ 21 distributions (Self & Liang, 1987; Riggio et al., 2014). A 
Bonferroni correction for the half the number of windows was applied to correct for number 
of independent tests. Significance was estimated at a genome wide level (p<0.05) and at an 
indicative level and that of one false positive per genome scan. The size of each window was 
50 SNPs with a 25 SNP overlap between windows. Partitioning the data into 50 SNP 
windows at intervals of 25 SNPs resulted in 1,772 windows spanning the entire genome. 
From this a genome-wide significance threshold was calculated at 14.91 at the genome wide 
level or 10.60 at the indicative level for the LRT statistic, corresponding to P-values of 
5.64×10-5 and 5.64 ×10-4 respectively.  As in the previous chapter, QQ Plots were generated 
to investigate potential inflation and confounding.  
6.02.3 Identification of Putative SNP Associations 
Windows which were significant when the between sow line relationships are removed from 
the GRM were considered for further characterisation using the measured genotype 
approach.  These were selected as they were considered more robust to population structure.  
To investigate whether putative SNP associations could be identified in regions which 
indicate an effect, each SNP in each window that was significant at the suggestive level from 
the RHM analysis was fitted separately as a fixed effect in ASreml mixed model analyses. 
To ascertain the effect of the SNP in consideration on the window variance, the full model 
used in the RHM (including the window effect) was used alongside each SNP. To consider 
the effect of the SNP on the total additive genetic variance the reduced model from the 
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RHM, which omitted the window of the SNP, was also fitted alongside each SNP. To keep 
this directly comparable to the RHM results the same data was used. The between sow line 
genomic relationships fixed at zero in the window and whole genome GRM.   
The significance of the SNP effects in the measured genotype models was ascertained using 
the Wald F Statistic from the reduced (omitting window effect) model. A Bonferroni 
corrected threshold of 0.05/50 = 0.001 was used to indicate a window-wide significant 
effect. The SNP was then checked to ensure it was significant (P<0.05) in the full model 
including the window effect. SNPs which show a significant effect on trait variance at the 
window wide level and show an impact on the heritable component described by the 
genomic relationships in the window (h2WIN) were considered putative associations. 
6.02.4 Validation and Effect Size Calculation 
Finally, these putative associations were characterised further with all traits using the full 
measured genotype method described. This was done using the full available phenotype data 
including repeated records by sow, fitting a permanent environmental effect and maintaining 
all relationships in the GRM. This calculates a SNP effect under the additive and dominance 
model (see Equation 5.3) and significance of the additive and Dominance allele substation 
effects assessed using a T-test. To check for interactions with population structure, separate 
models were also run to investigate the SNP effect in the presence of a SNP × population 
(farm and sow line) interaction.  
Linkage disequilibrium (LD) was also used to explore linkage between any SNPs indicated 
on the same chromosome or within other regions which may be of interest. 
All analyses were performed using ASREML 3.0 (Gilmour et al., 2009). Plotting and data 
manipulation was done in R (R Core Team, 2016), GRM calculations were performed using 
GenABEL and LD investigated using the r2fast function (Aulchenko et al., 2007b); LD plots 
were created using LDheatmap (Shin et al., 2006). 
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 Results 
Given the slightly smaller SNP subset (including only mapped SNPs) a new set of epidemic 
baseline heritability estimates are shown Table 6.1. This table shows estimates for all three 
forms of GRM used: all relationships maintained, between farm relationships fixed at Zero 
and between sow line relationship fixed at Zero.  
The results follow similar systematic patterns as described in Chapter 3 and Chapter 4. The 
estimates of heritability, with the cross-farm population fixed at Zero are consistently higher 
than with the whole population GRM maintained, except for the Still trait. The Still trait 
which has a moderate heritability estimate when the whole population GRM is maintained 
shows a slight reduction using the Basic model but increases in the Alt.1 and Alt.2 estimates. 
The estimates of heritability when the between sow line estimates are fixed at zero show 
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Heritability estimates were similar for the different GRMs, but slightly higher when between 
sow line relationships were fixed at Zero. Hence, to avoid repetition, only results for this 
GRM are presented here.  RHM results using the other two forms of GRM fitted can be 
found in the appendix as indicated.  
6.03.1 Mum Trait Analysis  
Figure 6.1 shows the LRT for each window by its position on chromosome obtained from 
the Mum trait RHM genome scan, together with the corresponding QQ plots. SSC1 window 
151 shows a peak across all models and is significant at the indicative level according to the 
models Alt.1 and Alt.2. The results are robust across the three types of GRMs (appendix 
Figure A.11). 
The QQ plots confirm the presence of a significant genomic region for the Mum trait and 
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Similar to the findings for the single SNP genome scan methods some peaks appear sensitive 
to the effect of fitting the by epidemic effect and the trait trend in the alternative models. The 
peak indicated on SSC1 improves in significance between the basic, Alt.1 and Alt.2 models. 
However, this pattern is not consistent for all peaks.  
The significant region; SSC 1, Window 151, is a 5.815Mbp region from ALGA0007541 
(220,697,592) to ALGA0007602 (226,512,882). The window and genomic variance 
component estimates (σ2WIN  and σ2A); heritability (h2); window variance as a proportion of 
total phenotypic variance (h2WIN); and window variance as a percentage of baseline additive 
genetic variance, are shown in Table 6.2 for window significant above the indicative 
threshold in all models. 
Table 6.2 – Mum Trait RHM Variance Component Estimates for SSC1 Window 151  
Model σ2WIN σ2A σ2E h2 h2WIN Win LRT P 
% σ2WIN / 
Baseline σ2A  
Basic 0.05 0.04 0.51 0.07 0.09 6×10-4¥ 117% 
Alt1 0.05 0.02 0.51 0.04 0.09 5×10-4 167% 
Alt2 0.05 0.01 0.45 0.02 0.1 2×10-4 250%† 
Win LRT P value significance thresholds are 5.64×10-5 at the genome wide and 5.64 ×10-4 at 
the indicative level. ¥denotes not significant at the indicative level, shown for reference. 
Regional genomic variances were on generally higher than whole genomic variances. The 
σ2WIN remained constant throughout models, whereas estimates of σ2A differed between the 
models, with the smallest estimate for the Alt.2. model.  
Following the measured genotype analysis of SSC1 window 151, no significant SNPs was 







































































































































































































































Regional Associations of Reproductive Traits Under PRRSV Challenge 
221 
The top plot shows the estimates of whole genome heritability and window heritability with 
the SNP fitted in the full (including window effect) and reduced (omitting window effect) 
models. A slight reduction is seen in the window h2 (blue dashed line) from the full model 
when SNP MARC0093279 is included (Figure 6.2 top). However, significance cannot be 
demonstrated at the window-wide level with the Wald P value (Figure 6.2 bottom), the 
actual Wald P values for this SNP are 0.088 and 0.031 in the full and reduced models 
respectively. Nor does fitting this SNP cause a considerable reduction in the significance 
associated with the window (×). An effect could be considered for ASGA0005574 with a 
marginal reduction in h2WIN a reduction in the significance of the window, and elevated 
levels of significance for the SNP, however, again, not at the corrected threshold. Given the 
nature of the RHM it is possible that this window indicates an effect due to the combined 
effects of SNPs. However, given the reduced threshold (one false positive per genome scan) 
at which this window effect is indicated at, it is also possible that no effect is present. 
6.03.2 Still Trait Analysis 
The Still trait plots of window LRT statistics for all three models fitted with genomic 
relationships fixed at Zero between sow line is shown in Figure 6.3. Across the models, five 
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The distribution of the observed test statistics compared to a null distribution; seen in the QQ 
plots, show no evidence for inflation in the test statistic or residual structure. There is strong 
evidence for a number of true window effects in the distribution of the test statistic for the 
Basic and Alt.1 models.  
Window position and variance component estimates for windows significant above the 
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The window heritability estimates are consistently smaller than the whole genomic 
heritability and, in contrast to what was observed for the Mum trait, the resulting window 
variance as a percentage of baseline additive genetic variance are all <100%.  
Two overlapping windows are seen significant at the indicative level on SSC9 Nos 33 and 
34, both these windows contain MARC0016053 demonstrated to have a genome-wide 
significant effect in the previous chapter. 
In the measured genotype step, two SNPs in window 90 on SSC9 were significant at the 
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A reduction is seen in the window h2 and whole genome heritability from the reduced model 
when either of two significant SNPs (ASGA0105527 and DIAS0004436, shown in bold in 
Figure 4) are included. Fitting either SNP reduces the window variance (σ2win) from 0.023 
(s.e 0.011) to 0.006 (s.e 0.007). This would suggest that these SNPs account for a 
considerable proportion of the genomic variance explained by this region. Slight differences 
(below rounding thresholds) are seen between the estimates for the two SNPs suggesting 
they are not in perfect LD. These two SNPs were therefore taken forward for further 
characterisation and validation in section 6.03.6. 
6.03.3 Dead Trait Analysis 
Only one window (window 57 on SSC 10) indicates a significant effect on the Dead trait 
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Slight confounding of the window effect at the upper end of the distribution is suggested in 
the QQ-plot by deviation below the line of unity for the Basic and Alt.1 models. In the Alt.2 
model an effect is seen at the indicative level for SSC 10 Window 57 (p=4×10-4). An effect 
is also indicated in the corresponding QQ plot which shows no evidence of inflation or 
confounding. This window is also indicated in RHM genome scans where the whole 
population GRM is used, and with the Alt.2 model where the between farm GRM is fixed at 
Zero (appendix Figure A.13). In the basic model using the whole population GRM flanking 
windows 55 and 58 on this chromosome are also significant at the indicative level.  
SSC 10 window 57 is a 1.466Mbp region from ASGA0105884 (69,064,005) to 
ASGA0048955 (70,529,789). The window variance was calculated at 0.03 and the whole 
genome additive genetic variance at 0.04, with corresponding heritability estimates of 
h2=1×10-7 and h2Win=0.05.  
In the measured genotype step (using the Alt.2 model), two SNPs (ASGA0083169 and 
MARC0020386) show a significant effect on the Dead trait variance at the corrected 
threshold (Wald P <0.001). Models fitting these SNPs also show reductions in the window 
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In the full model (including the window effect) the actual σ2WIN estimates reduced from 0.029 
(s.e 0.015) in the baseline to 0.019 (s.e. 0.013) as a result of fitting ASGA0083169; and to 
0.018 (s.e 0.012) as a result of fitting MARC0020386 with corresponding SNP Wald P 
values of 0.001. This suggests that both SNPs capture a significant proportion of the regional 
genetic variance. These two SNPs were therefore taken forward for further characterisation 
and validation in section 6.03.6. 
6.03.4 Alive Trait Analysis 
Four non-overlapping regions indicate a significant effect at the reduced threshold across 
models, following RHM analysis using the Alive trait (Figure 6.7). Two regions (SSC3 
window 23 and SSC4 overlapping windows 116 and 117) indicate an effect in the basic 
model, of which the region on SSC4 also indicates an effect in Alt.1 model (though only in 
window 117). SSC7 Window 89 is significant only using the Alt.1 model and SSC9 window 
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A slight irregular pattern is seen in the distribution of the test statistic in the QQ plots for 
Figure 6.7 which could indicate some confounding, inflation, or a high degree of genomic 
architecture relating to the trait. Similar patterns are seen for the results using the full GRM 
and that fixed at Zero between farm shown in appendix Figure A.15. The results where the 
between sow line population is fixed at Zero indicate greater control of any inflation than the 
other analyses.  
Of the RHM genome scans reported in figure 9, the window variances for the six windows 
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The measured genotype analysis showed that MARC0095146 in Window 91 of SSC7 was 
significant at the corrected threshold (P<0.001). The whole genome heritability estimate 
reduces from 0.07 (s.e 0.06) to 0.01 (s.e 0.06) when this SNP is included in the model. 
Similarly, h2Win drops from 0.06 (0.03) without the SNP to 0.03 (s.e 0.02) with the SNP 
included. These considerable reductions in heritability across all estimates with this SNP 
fitted are shown in appendix Figure A.15 which coincide with a reduction in the significance 
of the window. This SNP was therefore taken forward for further characterisation and 
validation in section 6.03.6. 
6.03.5 Fmor Trait Analysis 
The plot of window LRT following RHM using the Alive trait for all models are shown in 
Figure 6.8. Similar patterns are observed in both the Manhattan plots and QQ plot as for the 
Alive trait. The exact window locations, variance component estimates and LRT P values, for 
windows significant above the indicative threshold are shown in Table 6.5.  
SSC4 Win 117 reaches genome wide significance using the Fmor trait, accounting for 80% 
of the total σ2A. This window encompasses the region reported in Boddicker et al. 2012 in 
association with viral load and weight gain. This region includes all 6 SNPs in perfect LD in 
the Boddicker study, found to capture 99.4% of the additive genetic variance in this region. 
SNP WUR1000125 showed the greatest association with trait variance across arrange of 
studies (Boddicker et al., 2012, 2014b, 2014a; Hess et al., 2016). The ~1.4Mbp region 
identified in Boddicker et al. (2012) is shaded, the 6 top SNPs are shown labelled on the LD 
plot and bold on the axis for single SNP models. The 6 SNPS reported in Boddicker et al. 
(2012) are not in perfect LD (r2=0.89-0.99, μ= 0.94) in this analysis suggesting different 
patterns of linkage within this population. From the measured genotype analysis, no 
individual SNP shows a significant effect on Fmor trait variance nor reduced the trait h2win 
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A measured genotype analysis using the RHM data was conducted on all SNPs in the other 
windows showing a significant effect at the indicative threshold.  
Only one candidate SNPs was identified (ASGA0048302) in SSC10 window 46 (Wald 
P=0.001). It’s impact on the heritability estimates was only moderate (in the reduced model), 
the h2 reduced from 0.11 (s.e. 0.06) to 0.09 (s.e. 0.06) and in the full model, the h2Win reduced 
from 0.18 (s.e. 0.04) to 0.14 (s.e. 0.05)). This SNP was therefore taken forward for further 
characterisation and validation. 
6.03.6 Validation and Effect Size Calculation 
SNPs significant at the window wide threshold in the previous measured genotype analysis 
were characterised further using all traits using the full population GRM. SNPs identified on 
the same chromosome (both within this analysis including the genome wide level SNPs 
identified in the previous chapter) were checked for independent effects and LD was 
explored. 6 SNPs indicated effects in this analysis across the Still, Dead, Alive and Fmor 
analyses at the window wide significance threshold, these were on SSC7, SSC9 and SSC10. 
In two windows (SSC9 window 90 and SSC10 window 57) two SNPs in the same window 
are shown to have a significant (P<0.001) effect on Still and Dead trait variance respectively. 
An additional SNP on SSC10 in window 46 was shown to have a significant effect on Fmor 
trait variance. One further SNP (MARC0095146) in SSC7 Window 91 was shown to have a 
significant effect on Alive trait variance. 
The baseline variance components estimates were generated using the data for the 
subsequent measured genotype analysis is shown in Table A.13. This differs from the RHM 
data in that it contains repeated records, is run on all animals with genetic data in epidemic 
phase, includes unmapped SNPs (for QC see section ‘FASTA & Measured Genotype QC’ on 
pg.161) and maintains all relationships in the GRM. Only marginal differences are seen in 
the estimates as compared to the corresponding estimates in Table 6.1. 
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SNP MARC0095146 identified on SSC7 in the Alive trait analysis was fitted as a fixed 
effect for all traits separately, using all the available phenotype data, including repeated 
records and fitting a permanent environmental effect. SNP model estimates are shown in 
Table 7 including statistics from the mixed model. Only the additive model indicted a 
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While MARC0095146 can only be demonstrated to have a significant effect on variance of 
the Alive trait, a significant difference is seen in the ASE (P<0.05) for the Mum, Dead and 
Fmor traits. Also tested in two separate analyses were the SNP with SNP × farm interaction 
and SNP with SNP × sow line interaction to explore confounding of the effect with 
population structure. No SNP interactions with population model terms (sow line or farm) 
are significant and the MARC0095146 retains the same level of significance. 
In the Still trait analysis 2 SNPs (ASGA0105527 and DIAS0004436) in SSC 9 Window 90 
are shown to have a window-wide significant effect on trait variance. As can be seen in 
Figure 6.10, the two adjacent SNPs have indeed a higher level of LD with each other than 
with the remaining SNPs in the same window. 
 
Figure 6.10 – LD Heat Map for SSC9 Window 90 
SSC10 Window 57 heat map of r2, two SNPs significant at the corrected threshold shown 
labelled (actual r2 value 0.97 for labelled SNPs). All 50 SNPs in the window plotted.  
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To investigate whether one of the SNPS indicates a specific effect on the genomic trait 
variance, genotypes for both SNPs were fitted together as fixed effects in the model. Based 
on these results DIAS0004436 was subsequently dropped from the analysis.  
The remaining SNP, ASGA0105527 has already been indicated at the chromosome wide 
level using the FASTA method in Chapter 5, (Figure 5.2). This window is only ~7Mbps 
from the MARC0016053 SNP showing a genome wide association identified using the 
GRAMMAR method (Figure 5.11). To check whether ASGA0105527 effect is independent 
of the previously demonstrated association for MARC0016053, an additional analysis was 
conducted, in which the genotypes of the both SNPs (ASGA0105527 and MARC0016053) 
and their interactions were included in a validation step.  The SNP×SNP interaction was not 
significant across all traits and was dropped. The Wald P values and variance component 
estimates fitting ASGA0105527 and MARC0016053 is shown in across traits using the basic 
model. 
Table 6.7 – Wald P values and Variance Component Estimates Fitting ASGA0105527 and 
MARC0016053 in Full Phenotype Data SNP Models 
Trait 
































































SNP models fitting two SNPs showing an association, for results pertaining to 
MARC0016053 identified using the GRAMMAR method see section 5.03.3. 
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The ASGA0105527 genotype shows a significant association with the Still trait but not the 
other traits. An independent effect for MARC0016053 is seen, as previously demonstrated 
the traits Mum, Dead, Alive and Fmor. However, the effect of MARC0016053 on the Still 
trait variance previously indicated (P=0.097 see Table 5.8) no longer indicates an effect in 
the two SNP model.  
The ASGA0105527 Still trait SNP effect size was calculated using a measured genotype 
model. The allele substitution effect (α) was estimated at -0.14, and the SNP accounted for 
6.42% of the total additive genetic variance and 24.46% of the SSC9 window 90 variance. 
1 SNP showed a significant association with the Fmor trait in SSC10 Window 46 
(ASGA0048302). This SNP was also fitted for all traits and showed a significant effect on 
the trait variance for Mum (P=0.003) Dead (P=0.005) Alive (P=<0.001). 
Given the proximity of window 46 to window 57 (~9Mbps), and therefore the 2 SNPS 
(ASGA0083169 and MARC0020386) found to have a window-wide significant effect on the 
Dead trait, the potential for confounding of these effects was considered. Figure 6.11 shows 
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Whilst patterns of LD are observed in blocks between the windows, r2 is low between the 
SNPs themselves with values between ASGA0083169 and ASGA0048302 of 0.098; 
MARC0020386 and ASGA0048302 of 0.013; and between MARC0020386 and 
ASGA0083169 of 0.062.  
The independent SNP effects fitting only the individual SNPs MARC0020386, 
ASGA0083169 and ASGA0048302 in a single SNP measured genotype model are shown in 
Table 6.8. All three SNPs showed significant effects under the additive model. Specifically, 
for MARC0020386 significant effects on trait variance are seen for the Still, Dead and Fmor 
traits. For ASGA0048302 significant effects on trait variance are seen for the Mum, Dead, 
Alive and Fmor traits. Finally, ASGA0083169 has a significant effect on Mum, Still, Dead, 































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Regional Associations of Reproductive Traits Under PRRSV Challenge 
248 
To test for confounding of the three SNP effects, the measured genotype analysis was 
repeated for all reproductive traits with all three SNP genotypes included in the model 
together with all possible 2 and three-way interactions. The three-way interaction and the 
ASGA0048302 × MARC0020386 interaction were not significant in any of the models. 
However, some of the 2-way interactions were found significant (ASGA0048302 × 
ASGA0083169 acting on Still, Dead, Alive and Fmor trait variance, and MARC0020386 and 
ASGA0083169 acting on Tof trait variance), thus indicating epistatic effects. 
 Discussion 
In total 17 windows were significant above the indicative threshold across the RHM analyses 
presented for 5 traits. One window on SSC4 was significant at the genome wide level 
covering 138Mbp to 140Mbp. Using the measured genotype analysis on SNPs contained in 
these windows, six SNPs showed significance at a window-wide level. Exploring these SNPs 
further, 5 independently acting SNP effects were detected, 2 of which also indicated a 
potential epistatic effect. 
A genome wide significant association with Fmor has been shown on SSC4 between 
138,2911,968 and 140,216,348 bps. This location coincides with a well characterised 
association previously reported on this chromosome with viral load and weight gain of 
growing pigs infected with a virulent strain of PRRSV (Boddicker et al., 2012). Whilst a 
direct association with the WUR10000125 genotype could not be shown, different patterns 
of LD are reported in this study population to those reported in Boddicker et al. 2012. These 
results indicate that genetic variation in the same region as that reported in Boddicker et al. 
2012, associated with viral load and weight gain, may also translate to effects in terms of 
foetal mortality. Several studies using single SNP methods have investigated variance 
associated with the WUR1000125 genotype in other populations (Serão et al., 2016; Yang et 
al., 2016) which failed to show associations in this region. Given that these methods rely on 
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LD between the causative mutation and a single SNP, linkage is not maintained across study 
populations, and therefore an effect with the same locus may not be found. 
Four individual SNP associations were identified using measured genotype analysis on 
windows significant above the indicative threshold. 
ASGA0105527, also indicated at the chromosome wide level using the FASTA method (see 
Chapter 5) was identified on SSC9 in window 90. This showed a significant (P<0.001) effect 
on Still trait variance. The allele substitution effect (α) was estimated at -0.14 and SNP 
variance (σ2SNP) calculated at 6.42% of the total additive genetic variance σ2A and 24.46% of 
the σ2Win. No effect in this SNP was observed for any of the other disease indicator traits. 
MARC0095146 was identified using the Alive trait in window 91 on SSC7. This SNP 
explained 17.53% of the total Alive trait σ2A. Whilst this SNP could not be demonstrated to 
have a significant effect on the variance of other traits, significant differences in predicted 
genotype means were indicated for the Mum, Dead and Fmor traits.  
Several windows indicated significance on SSC10, using the Dead and Fmor traits. In 
window 57 MARC0020386 showed evidence of an association with the Still, Dead and 
Fmor trait variance (P<0.05). Significant differences were also seen for the ASE in the Still 
and Dead traits. Also on SSC10 two SNPs, ASGA0048302 and MARC0020386, showed 
evidence of an association in window 46, with low LD found between the SNPs. Both the 
SNPS and the SNP×SNP interaction showed a significant effect on trait variance for the 
Dead and Fmor traits, with significant effects also indicated using other traits in either the 
SNPs or the interaction term. This could suggest a more complicated genetic architecture at 
this location. 
These results show some correlation with the previous single SNP GWA analysis. In 
addition to ASGA0105527 for which a putative association is shown, also indicated in the 
FASTA Still trait Epidemic Phase Joint Analysis, several windows show cross over with 
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several SNPs significant in Chapter 5. SSC 5 Window 54 significant in the Still trait analysis 
contains SNP MARC0044148 indicated at the chromosome level in the Wean trait analysis, 
though no direct SNP effect could be observed using measured genotype analysis. Also, SSC 
8 Window 23 indicated in the Alive trait analysis is 5Mbp from MARC0098261 indicated in 
the Basic Model Wean trait GRAMMAR analysis.  
In addition to the overlap with the previously published associations on SSC4, a few other 
windows significant at the indicative level are close to some of those reported in previous 
PRRSV genomic studies. Identified in Still trait analysis SSC5 Win 54 is ~2 Mbps from a 
single SNP association published in (Yang et al., 2016), additionally window 80 on SSC14 is 
~4 Mbps downstream from a single SNP association in the same publication. The two 
windows identified on SSC 10, windows 46 and 57 are ~7 Mpbs upstream and ~1 Mbps 
downstream of a region identified on that chromosome in association with weight gain 
(Boddicker et al., 2014a). 
The estimate of window variance as a percentage of additive genetic variance was generally 
high, in some cases >100%, implying that the genomic region in consideration absorbed the 
majority of the genetic variance. This was particularly the case, as described when the 
alternative models Alt1 and Alt2 were fitted. Lower regional than whole genomic variances 
were however observed for the Still trait. Coincidentally, for this trait variance estimates 
using genomic relationships were also more similar to the estimates using the pedigree based 
method for farm 1, which form the majority of data in the joint farm analyses. In line with 
previous “missing heritability” observations (Chapter 4), one may hypothesise that the 
genomic estimates of the total additive genetic variance are downward biased for the 
majority of traits, and this may partly explain why regional variance estimates were 
relatively large.   
The three models explored in previous chapters were explored in the RHM analysis. QQ 
plots suggest these models differed in their ability to detect window effects. For the Mum 
Regional Associations of Reproductive Traits Under PRRSV Challenge 
251 
and Dead traits, some evidence is seen in improved ability to detect significant windows 
using alternative models, for other traits the reverse is true. Generally, differences in the 
significance associated with each peak under the different models suggests slight changes in 
emphasis. Some peaks are robust to the effect of fitting the alternative models, in some cases 
the order by rank of the significant windows changes and for some windows different 
window effects are indicated by the Alt.1 and Alt.2 models. Whilst no systematic effect can 
be observed this change in emphasis is interesting.  
Considerable reductions in additive genetic variance are seen fitting the alternative models 
on the baseline estimates seen in Table 6.1. In the RHM analysis where windows are indicted 
in several models the additive genetic variance is relatively consistent between models, this 
leads to very large values for window variance as a proportion of total baseline genetic 
variance estimates. 
Six associations have been presented, one of which is shown above genome-wide 
significance threshold, demonstrating for the first time the genetic potential of this well 
studied region in mitigating foetal mortality during PRRSV outbreaks. Whilst findings at the 
indicative level may lack conclusive evidence of an effect, the five SNPs identified in these 
windows show a broad effect across the traits analysed, providing additional evidence 
supporting a putative QTL effect in these regions. Additional evidence is seen for the effect 








Chapter 7. General Discussion  
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 Aims and Outcomes 
7.01.1 Thesis Objectives 
The aims of this thesis were to explore the genetic architecture underlying reproductive 
outcomes to PRRS: 
 To consider the factors affecting non-genetic effects contributing to reproductive 
trait variance in PRRS challenged data, such that models may be devised to explore 
additive genetic effects.  
 To quantify additive genetic variance and heritability, using pedigree information 
(where available) and 60K SNP genotypes.  
 To utilise single SNP association methods to explore the genetic architecture of 
reproductive trait variance across the pig genome  
 To use regional association methods, to look at the reproductive effects in wider 
genomic windows 
7.01.2 Key Research Outcomes 
 Evidence was presented suggesting that pre-exposure to PRRSV could reverse a 
pattern of higher PRRS-associated reproductive losses in later parities in naïve 
animals. 
 Additive genetic variance and heritability were estimated for reproductive traits in 
the absence and during PRRS outbreaks, and it was shown that accounting for 
epidemiological trends tends to reduce these estimates. 
 A more in-depth analysis of the genomic relationship matrix (GRM) structure 
showed that between sub-populations relationships could be affecting the ability to 
accurately estimate the additive genetic variance. 
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 Two Single SNP GWAS methodologies (FASTA and GRAMMAR) were employed 
and 5 SNPs with significant associations with reproductive traits a genome-wide 
level were detected using GRAMMAR:  
o SNP ALGA0087207 on SSC15 showed a genome-wide significant effect on 
the variance of the number of Stillborn piglets per litter. This SNP is 4 Mbp 
equidistant between two SNPs previously demonstrated to be associated 
with foetal mortality when this trait is considered as a property of the dam  
o The four additional associations that were significant at the genome wide 
level were with SNPs on SSC3, SSC9, SSC12 and SSC17. 
 Regional heritability mapping analyses were conducted on survival and mortality 
traits, with an in-depth analysis of how each SNP impacted each genomic window, 
and total additive, genetic variance. Within windows significant above the indicative 
threshold, five putative SNP effects, significant at a window wide level, were 
identified. 
o A genome-wide significant window effect was identified on farrowing 
mortality in a region on SSC4, previously shown to be associated with 
PRRS pathogen burden and weight gain during infection. 
o Evidence of an effect on reproductive trait variance was found for a region 
on SSC10, 1 Mbp from a locus previously demonstrated to be associated 
with weight gain during PRRSV infection. In this window 2 independent 
SNP effects were identified which may indicate an epistatic effect.  
o In windows significant at the indicative level, additional putative SNP 
associations were found with loci on SSC7, SSC9 and a further association 




As discussed in discussed in Johnston et al., (2003), whilst experimental trials such as 
controlled pathogen challenges offer considerable benefits to the scientist in terms of the 
ability to control experimental design it is often unclear how findings in these artificial 
situations, may translate to a production setting. This difference may be considered 
analogous to the realisation of traits in a field setting as compared to the selection under 
idealised conditions in a nucleus herd. As highlighted in Zumbach et al., (2007) the genetic 
correlation between nucleus herds and commercial settings is of considerable importance to 
the animal breeders along with performance of elite genotypes in different environmental 
conditions. These differences in performance by environment are considered under the 
genetic (or genotype) by environment interaction (G×E), (Falconer & Mackay, 1996; Lynch 
& Walsh, 1998). This issue is especially pertinent in an infectious disease situation where the 
environmental force of infection is dynamic. As such effects observed under experimental 
conditions (such as has been observed on SSC4 associated with the WUR10000125 
genotype) should be reproducible in a field setting to validate that any benefit can be realised 
under these dynamic and more noisy conditions. Analyses on the economic impact of PRRS 
suggests reproductive losses form the greater component of costs associated with the disease 
compared to those associated with reduction in growth (Holtkamp et al., 2013). As such 
improving the reproductive outcomes during PRRS outbreaks would confer direct financial 
rewards in animal production systems. 
As observed in (Lunney et al., 2016) previous analyses have been unable to show an effect 
on reproductive performance for the WUR10000125 genotype on SSC4 (Serão et al., 2014; 
Yang et al., 2016). The results from this thesis indicate for the first time that the previously 
documented region on SSC4 associated with weight gain and viral load, could also impact 
reproductive outcomes in swine production systems Whilst a direct association with 
WUR10000125 could not be demonstrated using RHM the region containing both the 
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WUR10000125 genotype and the gene which is taken to be the causative mutation show a 
genome wide effect on farrowing mortality. In addition, two further loci on SSC10 and 
SSC15, where PRRS related effects have been also been detected in independent datasets, 
merit further consideration. The use of more than one locus in the genetic improvement of 
livestock for disease traits is desirable to reduce the likelihood of a specific evolutionary 
response in the pathogen to overcome the mechanism by which disease is being evaded 
(Bishop & MacKenzie, 2003). In addition, several novel regions are presented which could 
assist in the development of a broader genomic improvement programme.  
An observation is also made which could impact management strategies, suggesting pre-
exposure to the virus may mitigate higher losses in later parities in naïve animals.  
In addition to the key research outcomes (with regards to the stated objectives)  the results 
suggest that the partitioning method mainly based on performance data (i.e. independent of 
formal diagnosis or confirmed aetiology) presented in this thesis could be successfully 
employed to identify periods that inflict reproductive stress on a large proportion of animals 
in the population. Using this method, periods of elevated levels of reproductive failure could 
be identified, and the positive impact of infection on trait heritability could be established 
This suggests that the trait trend partitioning method could be extended to a wider spectrum 
of sources of stress to consider a wider genetic architecture of robustness to reproductive 
stress. 
7.02.1 Traits Used and Pathogenesis of Disease 
One of the main differences between this and other similar studies on PRRS reproductive 
failure (i.e. Lewis et al., (2009a, 2009b) and Serao et al., (2014)) is the inclusion of Tof as a 
fixed covariate. This changes the emphasis of the analysis presented which accounts for a 
simple proportional relationship between the trait under evaluation and litter size. Results 
indicate that this may be beneficial in terms of identifying additive genetic variance 
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attributable to the pathogenesis of disease. In the non-epidemic phase some of the traits show 
a low but estimable heritability without Tof fitted (i.e. Alive) at ~0.075 (±0.005) across 
analyses which are considerably reduced when Tof was included. This contrast in additive 
genetic variance was used to explore the potential underlying genetic liabilities associated 
with PRRS related mortality and survival. 
In this analysis as with others (Lewis et al., 2009b; Serão et al., 2014) reproductive 
performance was considered a trait of the sow, rather than trait of the individual piglets in the 
litter, as used e.g. in Yang et al., (2016). The relative merits of these approaches may depend 
on the pathogenesis of disease in the reproducing sow. As discussed in the introduction the 
mechanism of piglet death following PRRS outbreaks has not been fully explained. Whilst 
the explanations provided by some authors suggest that the biology of sow is the main factor 
in determining foetal mortality (Karniychuk & Nauwynck, 2013) others have indicated that 
the outcome maybe down to active infection of the individual piglets, and are (at least in 
part) determined by the biology of the piglet (Ladinig et al., 2015a; Lunney et al., 2016). 
Whilst these experiments lacked the piglet genotypes, animal infection statuses or measures 
of viraemia to tackle this issue head on, it’s potential impact on the estimation of additive 
genetic variance is considered. The underlying source of the genetic liabilities would 
determine the correct experimental design to use in estimating reproductive mortality during 
PRRS outbreaks: If sow biology is the sole factor in determining piglet mortality then one 
might expect the sow model to better capture the underlying genetic liability of reproductive 
performance. Vice versa if the piglet biology is the sole factor in determining piglet mortality 
then one might expect the piglet model to better capture the underlying genetic liability of 
reproductive performance. If either of these hypotheses were absolute (i.e. under total sow or 
piglet control), given the amount of genetic material shared by the piglet and sow is 
approximately ½ one might expect the use of the ‘incorrect’ model to reduce the estimates of 
additive genetic variance by this amount. However, given that the virus must pass through 
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the sow to reach the pig some aspects of sow resistance (when defined as ability to reduce 
virus load) would undoubtedly play a role in the liability associated with piglet death (i.e. 
exposure), however tolerance may not. Whilst these are fascinating questions in terms of the 
reproductive performance of sows to PRRS outbreaks they were beyond the scope of this 
study.  
7.02.2 Statistical Models Used 
One of the issues of retrospective farm analyses and field studies remains the difficulty in 
controlling confounding variables and the inability to adjust for these in statistical analyses 
(Johnston et al., 2003). Yet to understand the genetic effects on an outcome it is necessary to 
account for other non-genetic factors involved in trait variance. In my analyses, several 
models were used. The basic model (Basic) was based on backward elimination stepwise 
regression of animal characteristics in the available data. In the alternative models the 
between epidemic effect (Alt.1) and a dynamic within epidemic effect based on a trait trend 
(Alt.2) was additionally considered.  
The LRT results indicated improvements in the model fit when accounting for individual 
epidemic effects and epidemic trend using linear mixed model analysis. However, it remains 
difficult to conclude which of the three models performed best in terms of estimating genetic 
parameters. This is most likely the result of confounded variables and the differences in 
population structure between the farms. Farm 1 had considerable diversity in terms of breed 
and (sow) line not seen on farm 2. On farm 1 and in the joint analysis, when the individual 
epidemic effect was considered (Alt.1) a reduction in additive genetic variance was seen. It 
is possible that several factors (e.g. viral strain, susceptibility and genetic by environment 
interactions) were confounded in fitting Epidemic ID. Given only one epidemic occurred on 
Farm 1 the Alt.1 model was not applicable to this analysis. On Farm 1 and in the joint farm 
analysis, fitting Epidemic ID and dynamic trait trend (Alt.2) absorbed a large proportion of 
the additive genetic variance, resulting in very low heritability estimates. On farm 2 models 
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fitting the dynamic trend (Alt.2) absorbed only environmental variance resulting in higher 
heritability estimates.  
The Alt.2 model was established to investigate the effect of the individual whilst accounting 
for a contemporary effect of animals expressing the phenotype at a similar time. One may 
expect that a contemporary group effect has a greater genetic component in more genetically 
diverse populations. For the farm 1 and joint farm analysis a reduction in the additive genetic 
variance is seen using alternative model 2. A downward bias to heritability estimates has 
been shown for resilience type traits if cohort estimates of disease burden are confounded 
with resistance (Doeschl-Wilson et al., 2012). Fitting the trait trend based on these analyses, 
was suggested by our research group for use in Serão et al., (2014), who found improved 
ability to account for an environmental contemporary effect compared to the conventional 
Herd-Year-Season effect. Those findings are similar to those reported here in farm 2 
analyses.  
It was thus not possible to ascertain the “best model” for estimating genetic effects. This may 
depend on population structure and the complex genetic interactions which may occur 
between genetically diverse animals. The observed reduction of the genetic estimate may 
relate to a specific pattern of resistance and the resulting variance component estimates may 
still hold interesting information with regards to the genetics of response in the host. As such 
these models were further explored using association methods. 
With regards to the association analyses there was some evidence of sensitivity to the model 
used in the farm 1 and joint farm populations. In the joint analysis, several loci identified 
(e.g. ALGA0121571 using GRAMMAR and SSC1 window 151 and SSC10 window 57 
using RHM) suggest improved ability to detect these effects using the Alt.2 model where the 
levels of significance reached were greater. This could indicate an improved ability to detect 
genetic effects in models using the Alt 2 models. All SNP effects detected using the Alt.2 
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model subsequently proved significant when as a fixed effect with the Basic and Alt.1 
models. 
Further studies would need to be undertaken to look at the effects of fitting this type of 
cohort mean in genetic analyses. Simulation methods may prove useful for this purpose. It 
would also be interesting to see if associations showing sensitivity to the Alt.2 in the 
association methods indicate different effects with regards to specific mechanisms of 
resistance or tolerance. 
7.02.3 Management Strategies 
Results from general linear mixed models could indicate a systematic pattern of higher losses 
in higher parities in naïve animals; and that this pattern is reversed in animals with previous 
exposure. These findings differ from those reported in Lewis et al., (2009a). In the present 
analysis, a slight modification of the partitioning method was used compared to the one in 
the previous study. This considered epidemic-reproductive failure associated with PRRS 
outbreaks, resulting in the identification of three epidemics, as compared to the two PRRS 
outbreaks used in Lewis et al., 2009a. Given an ELISA negative result following an outbreak 
depends on the seroreversion of animals after clearing the virus (taking several months); 
ELISA alone may thus not provide the resolution to distinguish between epidemics less than 
a few months apart. In this analysis two separate epidemics, approx. three months apart were 
analysed, considered one outbreak in the previous analysis. In Figure 2.10 animals in the first 
epidemic show an increase in the number of mummified piglets with increasing parity. In the 
third epidemic animals show a decrease in the number of mummified piglets with increasing 
parity. Animals in the second epidemic show a mixture of the two patterns with early parity 
animals (≤4) showing a pattern similar to that in the first epidemic with later parity animals 
(≥6) showing a considerable reduction. It is possible that the later parity older animals were 
present on the farm at the time of the first epidemic. Whilst the risk of pre-exposure was 
considered as a possibility by Lewis et al., (2009a), to test this, older animals in the second 
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outbreak were removed. It is suggested in this analysis that the two epidemics considered in 
that outbreak combined two different patterns of pre-exposure resulting in the non-systemic 
parity effect observed in the previous study. Whilst the differences in the model are 
acknowledged (in the correction for Tof), very similar parity profiles were obtained using the 
basic model as those presented in Lewis et al., (2009a), it was only when considering three 
distinct epidemics that the results suggest a more systematic epidemic specific parity effect. 
Whilst this explanation fits observations of early parity (≤4) (presumed naïve), sows on Farm 
2) a slight inconsistency is observed in parities (≥5). A non-monotonic profile is seen which 
may indicate some confounding of exposure by age group in these cohorts.  
Given a lack of individual disease statuses, and the possibility of confounders (e.g. different 
co-infections in different epidemics or different circulating viral strains) further work would 
be required to formally establish a link between previous exposure and a change in parity 
effect.  
I think it unlikely that confounding is responsible for different systematic parity effects 
observed in these animals and that pre-exposure provides an adequate explanation for the 
observation. It would be interesting to see if the same reversal of parity effect is seen in 
systems where vaccination is used.  
This pattern would suggest, that a practice of challenging animals during acclimation with 
PRRSV (for example, by autogenous vaccination of gilts with pooled sera from the older 
sows as currently used on some farms), could mitigate against considerably higher losses 
where reproducing sows become infected in higher parities. Whilst this practice is performed 
on some farms where eradication is not an objective these findings may assist in the 
cost/benefit decision making for the objectives of PRRS control. Farms experiencing PRRS 
epidemics at a low frequency with greater numbers of older PRRS naïve animals, are likely 
to see greater impacts when outbreaks occur.  
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7.02.4 Resistance, Tolerance, Resilience, Robustness 
Resistance is generally accepted as the ability of the host organism to limit pathogen burden, 
whereas resilience is performance despite pathogen burden (Albers et al., 1987) or, 
mathematically; the slope of the regression of performance on disease burden (Simms & 
Triplett, 1994; Bishop, 2012). The broader term resilience to disease can be used to describe 
performance in the presence of disease challenge and the broader term, robustness, used to 
describe the ability to perform despite external stressors affecting performance (Knap, 2005; 
Bishop & Woolliams, 2014).  
The comparisons drawn in this study consider the performance of animals in the presence 
and absence of episodes of high rates of reproductive failure associated with PRRS 
outbreaks. As such, based on purely this definition, the resilience of the sows to PRRS is 
considered. However, given a lack of information on disease burden and the open question 
on the pathogenic mechanism of reproductive failure, defining response in terms of 
resistance and tolerance are beyond the scope of this study. Where such issues cannot be 
resolved the broader term of resilience is more applicable. It could be argued that to 
demonstrate a true resilience type effect, the favourable SNP effects should be shown to have 
no negative effects on reproductive performance in non-epidemic data. Given that no effect 
(negative or positive) on performance could be demonstrated in non-epidemic phase these 
SNPs could still be considered as showing a resilience-type effect. The effects of SNPs in 
non-epidemic phase should be fully quantified prior to use in a breeding programme. 
There are a number of causes of reproductive failure in sows including viral infections 
(pseudorabies virus (PRV), influenza, porcine circovirus type 2 (PCV2) and parvovirus), 
bacterial infections (leptospirosis) and a range of non-infectious aetiologies (e.g. 
Mycotoxins, body temperature, age) (Rueff, 2000; Pittman, 2008). Whilst robustness across 
sources of stress is considered in the literature (Knap, 2005; Archibald et al., 2008), there are 
no studies on the genetic merit of pigs during periods of stress of different causes.  
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Using the threshold-threshold method, not only identified periods coinciding with known 
PRRS confirmed outbreaks but also a period that resulted in reduced reproductive 
performance of sows despite negative diagnostic results were identified. Whilst it is not 
possible to categorically preclude PRRS as a potential cause of the reproductive failure in 
epidemic 5 it is unlikely given the high specificity of the diagnostic test used on the farm. 
Using the combined periods of “stress” (periods of elevated estimates of Dead trait trend) on 
farm 2, a significant heritable component for Still and Alive traits are reported at 0.18 and 
0.16 respectively.  
The partitioning method could easily be used to scan animal production databases by farm to 
identify periods of increased reproductive stress. Given that pedigree and/or genomic 
information is in many cases already available for these animals, periods could be combined 
to investigate the genetic merit of animals across periods of reproductive stress. Studies 
could consider not only the performance across epidemics but using multivariate analyses 
that consider the genetic structure between periods and traits. Whilst differences may be 
expected to be observed in the underlying genetic liability for robustness across aetiologies, 
common genetic signals may be identified in the GRAMMAR analysis.  
7.02.5 Associations 
In the joint farm analysis using the GRAMMAR method five independent SNP effects were 
identified, significant (P<0.05) at the genome-wide level: 
 ALGA0121571 on SSC 3 (24,409,351 bp2) 
 MARC0016053 on SSC 9 (135,725,781 bp2) 
 ASGA0054360 on SSC 12 (36,158,023 bp2) 
 ALGA0087207 on SSC 15 (138,593,445 bp2) 
 MARC0016887 on SSC 17 (25,600,780 bp2) 
                                                     
2 Sus scrofa build 10.2 genome coordinates 
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Using RHM one window showed a genome-wide significant effect on SSC4 (138,291,968-
140,216,348 bp). Testing SNPs within windows showing an effect at the window wide level 
five putative SNP associations were identified. 
 MARC0095146 on SSC 7 (111,370,919 bp2) 
 DIAS0004436 on SSC 9 (127,817,182 bp2) 
 MARC0020386 on SSC 10 (69,899,496 bp2) 
 ASGA0083169 on SSC 10 (69,395,371 bp2) 
 ASGA0048302 on SSC 10 (58,071,987 bp2) 
It is acknowledged that the SNP effects calculated are possibly overestimates, as a result of 
the “Beavis effect” (Beavis, 1998), the results would suggest that these SNPs make 
considerable contributions to variance in the reproductive outcomes. Additionally, as the full 
GRM was used in the measured genotype analysis (as compared to the GRM fixed at 0 
between populations used in RHM), the baseline additive genetic variance may be under-
estimated. This would lead to upward bias in the percentage SNP variance of additive 
genetic variance.  
A comparison of these SNP loci to previously published SNP associations are summarised in 




























































































































































































































































































































































































A large body of work on the genetics of host responses to PRRSV infection has focussed on 
the major QTL on SSC4 identified in (Boddicker et al., 2012) which is well documented and 
has a plausible functional genomic basis through the function of the GBP5 gene family. 
Given that genetic variation in this region is associated with both increased resistance and 
tolerance to PRRS, it is puzzling as to why other studies have failed to find an effect on 
piglet mortality in this region. Results from this analysis suggest that an effect on piglet 
mortality maybe occur as a result of genetic variation in this region. An investigation of LD 
in the region show different patterns of LD than those reported by the PHGC. It is therefore 
possible that SNP WUR10000125 and the causative mutation are not in phase throughout all 
pig populations, and may have limited the ability of studies on other populations to detect an 
effect. Further research could investigate genomic selection methods to consider the sum of 
marker effects in this region and how well these correlate to the regional GRM based 
estimates of σ2WIN. This would help elucidate further how to use this region in selection 
methods where a direct effect with WUR10000125 cannot be detected. Economic analyses 
estimate foetal mortality as the greatest proportion of losses through PRRS outbreaks, 
associated with pig production. This research suggests for the first time that that genetic 
variation in the WUR100000125 region could impact this economically important trait. 
In addition to the region on SSC4 two further regions of interest are identified in association 
with reproductive traits during PRRS epidemics, close to regions of the genome implicated 
in PRRS response in other studies.  
SSC10 
Two window associations were indicated using RHM on SSC10, within which three 
individual SNPs showed a significant effect on trait variance. In SSC 10 Window 57 SNPs 
MARC0020386 and ASGA0083169 showed significant effects on Dead trait variance at a 
window-wide level. Significant under an additive model SNP variance was estimated at 
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24.19% and 25.24% of total Dead trait variance for MARC0020386 and ASGA0083169, 
respectively. Additionally, a potential epistatic effect was observed between the SNPs. 
Effects were also observed for these SNPs for both the Still and Fmor traits. This association 
was approx. 1Mbp from a 1Mbp region indicated in Boddicker et al., 2014 ranking 4th in 
terms of the % marker variance for weight gain in the region as a proportion of the total 
marker variance. GATA3 was identified as a potential candidate gene in the region lying 
between the two SSC10 SNPs. The human ortholog of GATA3 has functions in T cell 
differentiation and promotion of interleukin secretion (Yagi et al., 2011). Moreover, window 
SSC10 window 46 (11 Mbp upstream) showed an effect on Fmor trait variance with 
ASGA0048302 indicating a window wide effect. A significant allele substitution effect was 
also observed with a calculated SNP variance representing 10.06% of total genetic variance 
in the Fmor trait. 
SSC15 
An association with the Still trait was demonstrated at the genome wide level for 
ALGA0087207 on SSC15 using GRAMMAR analysis, this SNP was also indicated in the 
FASTA analysis at the chromosome level. Using the additive SNP effect model, SNP 
variance explained 1.79% of the total Still trait σ2A. Significant effects were seen on the 
variance of all reproductive disease indicator traits. This SNP lies ~4 Mbp, equidistant, 
between two associations with foetal mortality reported by Yang et al., (2016) . 
SSC3 
There was further strong evidence of an effect in these data associated with loci on SSC3 and 
SSC9 using both single SNP and RHM methodologies. On SSC3 SNP ALGA0121571 (24.4 
Mbp) showed a genome-wide significant effect using GRAMMAR analysis, in association 
with the Fmor trait. An effect was indicated on this chromosome using RHM in the Alive 
trait analysis in windows 22, 23 and 24 (27.7 Mbp – 31.8 Mpb), when the GRMs where not 
fixed at 0 between population this window reached genome wide significance. SNP variance 
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for ALGA0121571 was estimated at 38.11% of Fmor σ2A, with effects indicated on variance 
for all disease indicator traits. 
SSC9 
Effects associated with two locations ~8 Mbp apart on SSC9 were detected in the RHM 
analyses Within window 90 on SSC9 SNP MARC0016053 was significant at the genome-
wide level in association with the Mum and Fmor trait using GRAMMAR. Using RHM 
ASGA0105527 on SSC9 was identified. This SNP also indicated an effect exceeding the 
chromosome level significance threshold on Farm 1 using the FASTA methodology. An 
independent effect was observed on Still trait variance for ASGA0105527 whilst an effect 
was observed on Mum, Dead, Alive and Fmor trait variance for MARC0016053. 
Novel Loci on SSC7, SSC12 and SSC17 
Finally, three other SNP associations were detected, which did not appear adjacent to 
previously reported associations for PRRS related traits. One SNP on SSC7 
(MARC0095146) was identified using the RHM method, showing a significant effect on 
Alive trait variance. With a significant allele substitution effect using an additive model, SNP 
variance was estimated at 17.53% of the total additive genetic variance. Whilst an effect for 
this SNP was not observed on the variance of other traits, a significant allele substitution 
effect was indicated with the Mum, Dead and Fmor traits.  
Using GRAMMAR, a single SNP was identified on SSC12 (ASGA0054360) in association 
with the Alive trait explaining 13.56% of the total additive genetic variance. This SNP 
indicated effects on the variance of all traits with significant additive allele substitution 
effects shown.  
Also using GRAMMAR, a SNP on SSC17 (MARC0016887) showed a genome wide 
significant association with the Still trait. When fitted as fixed effects this SNPs also showed 
a significant effect on the variance of all traits. A significant ASE was also observed using an 
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additive model. Although Boddicker et al. (2012) also reported a SNP effect on SSC17, these 
SNPs are ~7 Mbp apart. Despite the fact that LD blocks are longer in pigs than humans, 
these SNP associations are unlikely to be marking the same underlying causal genetic 
variants. 
Summary 
The 3 loci identified on SSC 4, 10 and 15 are close to or overlapping associations observed 
on PRRS related traits in independent datasets. Whilst the region on SSC 4 is well 
characterised and understood, the regions on SSC10 and SSC15 have not been widely 
explored, these results suggest that further work could be done in these regions to explore the 
functional basis of host variance and their suitability for use in selection. The recently, 
released improved pig reference genome sequence (Sscrofa11.1) and associated annotation 
expected for release in August 2017 should facilitate such searches for positional candidate 
genes. However, inspection of the human genes that map to the homologous regions of the 
human genome, did not reveal any compelling functional candidates to date. Strong evidence 
of QTL effects was observed on SSC3 and SSC9 in these data which would merit further 
investigation and validation in independent datasets. Three further novel associations are 
presented which indicate effects in several of the reproductive traits used. 
For many of the SNPs identified, some cross over is indicated in terms of effects in traits 
other than those in which they were identified. This suggests a degree of genetic correlation 
between pairs of traits. This could be assessed using bivariate analysis to calculate genetic 
and phenotypic correlations between traits. This forms part on ongoing future work. This 
work will consider the genetic correlations between traits in the models presented in 
epidemic and non-epidemic phase and also the effect fitting Tof has on the genetic 




Several loci are presented with putative effects on reproductive performance during PRRS 
outbreaks, whilst one SNP (WUR10000125) is currently being incorporated into breeding 
strategies, two others are recommended for investigation. The choice of strategy employed 
for the incorporation of these loci into breeding goals will define the next steps used in 
implementation. For use in genomic selection the accuracy of genomic prediction based on 
these loci would need to be considered. This accuracy can be derived using k-fold validation 
methods to estimate the predictive potential of these regions. This predictive potential 
quantifies the benefits that may be realised through selection. If used in marker assisted 
selection it may be desirable to place greater weight on variants with plausible functional 
effects. To consider such functional aspects it would be necessary to identify the causal 
genetic variants and characterise their mode of action. One approach would be to look for 
evidence of differences in gene expression for genes that map to the regions of interest both 
in the absence and presence of PRRSV between animals of the different predicted QTL 
genotypes. If differences in transcripts or transcript levels can be identified the genetic and 
physiological basis of those differences can be explored. 
For the other novel loci presented, their effect would need validating in independent datasets 
prior to incorporation into breeding goals. This could be done by looking at the accuracy of 
these regions in genomic prediction on reproductive performance in independent 
populations.  
Whilst the detection of additive genetic variance may suggest a use for disease response 
traits in genomic selection, in practical terms this may not be the case. To maintain the 
accuracy of genomic selection a feedback process is established in which the realisation of 
traits in predicted animals are fed back into the validation set to improve the accuracy of the 
genomic prediction process. This leads to improvements in the trait mean over time. For 
most economic traits (such as number born alive) these are continuously expressed over the 
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time course of an animal’s life in a production setting. Where PRRS is non-endemic, 
responses to disease or PRRSV exposure and challenge are only expressed under the specific 
condition of an outbreak occurring. As such marker assisted selection for genotypes with a 
known functional basis may be preferable to genomic selection. Further studies to assess the 
benefits of genomic selection over MAS is required, which should not only include 
consideration of prediction accuracy but also data availability and genotyping costs.  
It may be more attractive to use marker assisted selection to screen the selection candidates 
to ensure that they are as hardy as possible to disease challenge. This is the strategy 
successfully employed for the genetic improvement of Salmon to IPN and sheep to scrapie 
as discussed in the introduction. This judgement is based on risk of disease outbreaks and the 
consequences. For example, in the TB advantage programme the merit of bulls is released 
according to the performance of their progeny in bTB affected areas 
(Https://dairy.ahdb.org.uk/technical-information/breeding-genetics/tb-advantage/, 2016; 
Banos et al., 2017). This information is more likely to be used by farmers in areas prone to 
experience bTB outbreaks.  
Selecting for individual polymorphisms (such as in MAS) may have unintended 
consequences, whether for commercial, health or welfare traits. Generally, a variant intended 
for selection is tested in standard field conditions to ensure the candidate variant does not 
have unintended effects on economically significant traits (e.g. Dunkelberger et al., (2017)). 
However, under variable environmental situations such as in terms of response to other 
pathogens (beyond those tested) unintended consequences still present a risk. This risk may 
be realised in a range of ways such as on health and welfare (Twine, 2010), in terms of 
response to other infections (Khatib & Bormann, 2015) or in terms of reductions in genetic 
diversity (Dekkers & Hospital, 2002). Evaluation of the effect of the variant under the broad 
range of environmental conditions and the pathogens animals may be exposed to on farm, is 
not always feasible. This risk may partially be avoided by using a broader consideration of 
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robustness. As discussed in this thesis it may be possible to combine periods of elevated 
levels of reproductive failure (using the threshold method) to identify genetic signals which 
confer improved survivability regardless of the underlying aetiological basis of reproductive 
failure.  
Whilst existing studies suggest that the well characterised WUR10000125 genotype 
(conferring improved resilience to one species of PRRSV) confers protection across different 
PRRSV strains (Hess et al., 2016); this may not hold for other loci or different varieties of 
PRRSV strains. This makes extrapolation of the effect of any favourable variant across 
pathogen strains / species impossible. 
 Future Considerations 
Demands on food, and specifically food from livestock sources, are expected to continue to 
increase over the coming years driven by increased population, increased urbanisation and 
increases in meat consumption per capita as a result of increases in wealth in developing 
countries (McGilloway, 2005; Lutz & KC, 2010). These pressures may be further 
compounded by constraints placed on animal production industries to limit greenhouse gas 
emissions (Thornton, 2010). As livestock production intensifies to cope with these increased 
demands so to may disease prevalence, driven by increases in animal density and resulting 
impact on animal welfare (Hyun et al., 1998; Maes et al., 2000). Given the complex nature 
of animal response to external stressors and the possibility of compounded effects (Hyun et 
al., 1998), the resilience and robustness of the animal across sources of stress is also likely to 
become more important in developing animals better adapted to more intensive production 
conditions.  
 Conclusion 
The results from this study strongly imply that reproductive outcomes in response to PRRS 
can be improved by genetic control strategies. Specifically, that genetic variation in the 
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SSC4 region, previously identified as showing an effect on viral load and weight gain under 
PRRSV challenge, also has an effect on reproductive performance. According to this study 
other regions may also contain considerable effects on reproductive performance which may 
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This section contains additional figures produced not deemed sufficiently informative to be 
included in the main body. 
 
Figure A.1 – Mum Trend Partitioning for Farm 1 
Rolling 30-day trait trend identifying periods where the trend is over the baseline threshold 




Figure A.2 – Still Trend Partitioning for Farm 1 
Rolling 30-day trait trend identifying periods where the trend is over the baseline threshold 




Figure A.3 – Dead Trend Partitioning for Farm 1 
Rolling 30-day trait trend identifying periods where the trend is over the baseline threshold 




Figure A.4 – Mum Trend Partitioning for Farm 2 
Rolling 30-day trait trend identifying periods where the trend is over the baseline threshold 




Figure A.5 – Still Trend Partitioning for Farm 2 
Rolling 30-day trait trend identifying periods where the trend is over the baseline threshold 




Figure A.6 – Dead Trend Partitioning for Farm 2 
Rolling 30-day trait trend identifying periods where the trend is over the baseline threshold 




Figure A.7 – Farm 1 Manhattan Plots using GRAMMAR for Mum and Wean Traits Using 
the Basic Model with Non-Epidemic Phase Data 
Bonferroni corrected significance thresholds shown at the genome wide (dashed line) and 
chromosome level (dotted line), based on 48,040 SNPs. SNPs significant above the 
indicative level shown labelled. QQ plots show x=y (red dashed line) where λ>1 degree of 




Figure A.8 – Farm 2 Non-Epidemic Phase GRAMMAR QQ Plots 
Expected and observed -log10(P) values from the GRAMMAR score applied to the Farm 2 
Epidemic phase analysis using repeated measures basic and Alt.2 models. QQ plots show 

















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A.1 – Source of the Reported Traits 
Trait Description Source 
Mum Number of mummified Piglets per Litter Raw Data 
Still Number of Stillborn Piglets per Litter Raw Data 
Dead Number of Dead Piglets per Litter Mum+Still 
Alive Number of Alive Piglets per Litter Raw Data 
Tof 




Farrowing Mortality, proportion of dead 
piglets per litter expressed as a fraction of 
the total observable foetuses per litter 
𝑀𝑢𝑚 + 𝑆𝑡𝑖𝑙𝑙
𝑀𝑢𝑚 + 𝑆𝑡𝑖𝑙𝑙 + 𝐴𝑙𝑖𝑣𝑒
 
Gest 
Gestation length, the farrowing date 
minus the service date in days 




Table A.2 – Farm 2 Including Unknown Epidemic F Statistic P-values for All Fixed Effects, 
Covariates and Interactions under the Basic and Alternative Models for All Traits 









Basic Mum¥ 0.163 0.095 <3×10-16 - - - - 
Basic Still¥ <3×10-16 7×10-7 <3×10-16 - - - - 
Basic Dead¥ 3×10-16 1×10-5 <3×10-16 - - - - 
Basic Alive <3×10-16 0.101 <3×10-16 - - - - 
Basic Tof 5×10-12 1×10-10 - - - - - 
Basic Fmor <3×10-16 7×10-7 - - - - - 
Basic Gest <3×10-16 - <3×10-16 - - - - 
Alt. 1 Mum¥ 0.011 0.236 <3×10-16 1×10-8 - 1×10-4 - 
Alt. 1 Still¥ <3×10-16 1×10-6 <3×10-16 1×10-11 - - - 
Alt. 1 Dead¥ 3×10-4 4×10-5 <3×10-16 2×10-10 - 0.021 - 
Alt. 1 Alive <3×10-16 0.204 <3×10-16 1×10-6 - - 0.022 
Alt. 1 Tof 1×10-7 3×10-6 - 0.707 - - 0.045 
Alt. 1 Fmor 0.002 3×10-6 - <3×10-16 - 6×10-6 - 
Alt. 1 Gest <3×10-16 - <3×10-16 2×10-7 - - - 
Alt. 2 Mum¥ 0.007 0.146 <3×10-16 0.042 <3×10-16 1×10-4 - 
Alt. 2 Still¥ <3×10-16 3×10-6 <3×10-16 0.843 <3×10-16 - - 
Alt. 2 Dead¥ 1×10-4 6×10-5 <3×10-16 0.335 <3×10-16 0.028 - 
Alt. 2 Alive <3×10-16 0.614 <3×10-16 0.183 <3×10-16 - 0.026 
Alt. 2 Tof 1×10-7 3×10-5 - 0.366 6×10-5 - 0.053 
Alt. 2 Fmor 0.002 1×10-5 - 0.085 <3×10-16 1×10-5 - 
Alt. 2 Gest <3×10-16 - <3×10-16 0.001 <3×10-16 - - 
¥Trait transformed by log(trait+1) 
†When fitted in the basic model this effect is the Phase term, when fitted in the alternative 
models this is the Epidemic ID term 
‡The fitted trend is the 30 day rolling mean corresponding to the trait for Mum, Still, Dead. 
for all other traits the Dead Trend was used  
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Table A.3 – Estimates of Model Fit, Variance Components and Variance Component 









Sow Log LRT P 
Mum Basic 4826.938 -2390.469 0.342 5×10-4 
Mum Alt. 1 4844.081 -2391.04 0.343 0.001 
Mum Alt. 2 4751.659 -2341.83 0.339 0.001 
Still Basic 8414.785 -4191.392 0.443 3×10-16 
Still Alt. 1 8420.856 -4193.428 0.443 3×10-16 
Still Alt. 2 8356.854 -4158.427 0.439 <3×10-16 
Dead Basic 9410.965 -4682.482 0.484 7×10-12 
Dead Alt. 1 9429.652 -4683.826 0.484 8×10-12 
Dead Alt. 2 9359.981 -4645.991 0.479 7×10-13 
Alive Basic 20959.967 -10459.983 1.262 4×10-11 
Alive Alt. 1 20965.654 -10458.827 1.262 4×10-11 
Alive Alt. 2 20872.027 -10409.014 1.246 3×10-12 
Tof Basic 30532.674 -15251.337 2.518 <3×10-16 
Tof Alt. 1 30514.239 -15234.119 2.514 <3×10-16 
Tof Alt. 2 30497.856 -15222.928 2.511 <3×10-16 
Fmor Basic -10588.212 5316.106 0.094 1×10-9 
Fmor Alt. 1 -10550.244 5305.122 0.093 1×10-9 
Fmor Alt. 2 -10630.775 5348.387 0.092 6×10-11 
Wean Basic 25584.995 -12753.498 1.81 2×10-15 
Wean Alt. 1 25335.592 -12620.796 1.772 6×10-16 
Wean Alt. 2 25237.077 -12568.539 1.75 <3×10-16 
Gest Basic 19171.881 -9573.941 0.837 <3×10-16 
Gest Alt. 1 19153.519 -9563.76 0.835 <3×10-16 
Gest Alt. 2 19058.975 -9513.487 0.824 <3×10-16 




Table A.4 – Least Square Means for Epidemic Factor Across Models All Traits Farm 2 Data 











































































































































¥Traits transformed by log(trait+1), least square mean values are back-transformed onto the 
response scale. 
‡ Estimates are corrected for Epidemic ID×Trend interaction by fixing covariate estimate at 



























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A.7 – Farm 2 Variance Components and Heritability Estimated Using the G Matrix 
with Single Record Data for Non-Epidemic Phase 
Trait Model σ2A σ2E σ2P (SE) h2 (SE) σ2A LRT P 
Mum¥ Basic 0.01 (0.01) 0.1 (0.01) 0.11 (0.01) 0.06 (0.07) 0.2 
Still¥ Basic 0.01 (0.01) 0.22 (0.02) 0.23 (0.01) 0.04 (0.05) 0.09 
Dead¥ Basic 0.02 (0.02) 0.24 (0.02) 0.26 (0.02) 0.06 (0.06) 0.1 
Alive Basic 0.04 (0.07) 1.49 (0.11) 1.52 (0.09) 0.02 (0.05) 0.31 
Tof Basic 0.52 (0.56) 8.43 (0.68) 8.95 (0.54) 0.06 (0.06) 0.13 
Fmor Basic 4×10-4 (5×10-4) 0.01 (6×10-4) 0.01 (5×10-4) 0.05 (0.06) 0.14 
Gest Basic 0.37 (0.15) 1.21 (0.13) 1.58 (0.1) 0.24 (0.09) 0.01 
Mum¥ Alt.2 0.01 (0.01) 0.1 (0.01) 0.11 (0.01) 0.06 (0.07) 0.2 
Still¥ Alt.2 0.01 (0.01) 0.22 (0.02) 0.23 (0.01) 0.05 (0.05) 0.09 
Dead¥ Alt.2 0.02 (0.02) 0.24 (0.02) 0.26 (0.02) 0.06 (0.06) 0.08 
Alive Alt.2 0.04 (0.08) 1.48 (0.11) 1.53 (0.09) 0.03 (0.05) 0.24 
Tof Alt.2 0.57 (0.58) 8.4 (0.68) 8.97 (0.54) 0.06 (0.06) 0.11 
Fmor Alt.2 4×10-4 (5×10-4) 0.01 (6×10-4) 0.01 (5×10-4) 0.05 (0.06) 0.13 
Gest Alt.2 0.35 (0.15) 1.23 (0.13) 1.58 (0.1) 0.22 (0.09) 0.01 
¥Transformed log(trait + 1).†Alt.1 model not applicable in non-epidemic phase, see basic 
model results. - denotes inestimable.  
Table A.8 – Farm 2 Variance Components and Heritability Estimated Using the G Matrix 
Repeated Measures Model for Epidemic Including Unknown Phase 





Mum¥ Basic 0.01 (0.02) 2×10-7 (2×10-8) 0.23 (0.02) 0.25 (0.02) 0.06 (0.08) 0.23 1 
Still¥ Basic 0.04 (0.03) 1×10-7 (1×10-8) 0.3 (0.03) 0.34 (0.03) 0.13 (0.09) 0.04 1 
Dead¥ Basic 5×10-3 (0.03) 1×10-7 (1×10-8) 0.41 (0.04) 0.42 (0.03) 0.01 (0.07) 0.63 1 
Alive Basic 0.23 (0.37) 3×10-7 (3×10-8) 4.48 (0.45) 4.71 (0.35) 0.05 (0.08) 0.26 1 
Tof Basic 0.87 (0.76) 2×10-6 (2×10-7) 8.23 (0.85) 9.1 (0.69) 0.1 (0.08) 0.06 1 
Fmor Basic - 2×10-9 (1×10-10) 0.02 (2×10-3) 0.02 (2×10-3) - 1 - 
Gest Basic - 0.37 (0.3) 1.81 (0.31) 2.18 (0.16) - 1 - 
Mum¥ Alt.1† 0.01 (0.02) 2×10-7 (2×10-8) 0.23 (0.02) 0.25 (0.02) 0.05 (0.08) 0.26 1 
Still¥ Alt.1† 0.04 (0.03) 1×10-7 (1×10-8) 0.3 (0.03) 0.34 (0.03) 0.12 (0.09) 0.06 1 
Dead¥ Alt.1† 5×10-3 (0.03) 1×10-7 (1×10-8) 0.41 (0.04) 0.42 (0.03) 0.01 (0.07) 0.63 1 
Alive Alt.1† 0.24 (0.38) 3×10-7 (3×10-8) 4.48 (0.45) 4.73 (0.36) 0.05 (0.08) 0.25 1 
Tof Alt.1† 0.86 (0.77) 3×10-6 (3×10-7) 8.27 (0.86) 9.12 (0.69) 0.09 (0.08) 0.07 1 
Fmor Alt.1† - 2×10-9 (1×10-10) 0.02 (2×10-3) 0.02 (2×10-3) - 1 - 
Gest Alt.1† - 0.35 (0.29) 1.79 (0.31) 2.14 (0.16) - 1 - 
Mum¥ Alt.2 0.01 (0.02) 2×10-7 (2×10-8) 0.23 (0.02) 0.24 (0.02) 0.03 (0.08) 0.42 1 
Still¥ Alt.2 0.04 (0.03) 2×10-7 (2×10-8) 0.29 (0.03) 0.33 (0.03) 0.13 (0.09) 0.07 1 
Dead¥ Alt.2 0.01 (0.03) 2×10-7 (2×10-8) 0.4 (0.04) 0.41 (0.03) 0.01 (0.08) 0.63 1 
Alive Alt.2 0.27 (0.39) 3×10-7 (3×10-8) 4.33 (0.45) 4.6 (0.35) 0.06 (0.08) 0.23 1 
Tof Alt.2 0.88 (0.79) 2×10-6 (3×10-7) 8.29 (0.87) 9.16 (0.7) 0.1 (0.08) 0.07 1 
Fmor Alt.2 - 2×10-9 (1×10-10) 0.02 (2×10-3) 0.02 (2×10-3) - 1 - 
Gest Alt.2 - 0.28 (0.29) 1.77 (0.3) 2.05 (0.15) - 1 - 














































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A.10 – Joint Farm Variance Components and Heritability Estimated Using the G 
Matrix with Single Record Data for Phase Including Unknown Epidemic 
Trait Model σ2A σ2E σ2P (SE) h2 (SE) σ2A LRT P 
Mum¥ Basic 0.03 (0.02) 0.53 (0.03) 0.55 (0.03) 0.05 (0.04) 0.09 
Still¥ Basic 0.08 (0.03) 0.34 (0.03) 0.42 (0.02) 0.19 (0.06) <0.001 
Dead¥ Basic 0.04 (0.03) 0.6 (0.04) 0.64 (0.03) 0.06 (0.05) 0.08 
Alive Basic 0.67 (0.55) 9.95 (0.64) 10.62 (0.52) 0.06 (0.05) 0.06 
Tof Basic 0.88 (0.5) 7.81 (0.53) 8.68 (0.44) 0.1 (0.06) 0.01 
Fmor Basic 0.01 (5×10-3) 0.08 (0.01) 0.09 (4×10-3) 0.09 (0.05) 0.01 
Gest Basic 0.87 (0.31) 3.7 (0.27) 4.58 (0.23) 0.19 (0.06) <0.001 
Mum¥ Alt.1† 0.02 (0.02) 0.52 (0.03) 0.54 (0.03) 0.04 (0.04) 0.12 
Still¥ Alt.1† 0.07 (0.03) 0.35 (0.02) 0.41 (0.02) 0.16 (0.06) 1×10-3 
Dead¥ Alt.1† 0.03 (0.03) 0.59 (0.04) 0.61 (0.03) 0.04 (0.05) 0.13 
Alive Alt.1† 0.44 (0.5) 9.91 (0.62) 10.35 (0.51) 0.04 (0.05) 0.15 
Tof Alt.1† 0.77 (0.5) 7.88 (0.53) 8.66 (0.43) 0.09 (0.06) 0.02 
Fmor Alt.1† 0.01 (4×10-3) 0.08 (0.01) 0.09 (4×10-3) 0.07 (0.05) 0.03 
Gest Alt.1† 0.78 (0.3) 3.7 (0.27) 4.48 (0.23) 0.18 (0.06) <0.001 
Mum¥ Alt.2 0.01 (0.02) 0.45 (0.03) 0.47 (0.02) 0.03 (0.04) 0.22 
Still¥ Alt.2 0.02 (0.02) 0.33 (0.02) 0.35 (0.02) 0.06 (0.05) 0.13 
Dead¥ Alt.2 5×10-3 (0.02) 0.51 (0.03) 0.52 (0.02) 0.01 (0.04) 0.55 
Alive Alt.2 0.14 (0.42) 8.57 (0.53) 8.71 (0.43) 0.02 (0.05) 0.44 
Tof Alt.2 0.72 (0.49) 7.8 (0.53) 8.52 (0.43) 0.08 (0.06) 0.03 
Fmor Alt.2 2×10-3 (3×10-3) 0.07 (4×10-3) 0.07 (3×10-3) 0.03 (0.04) 0.26 
Gest Alt.2 0.78 (0.29) 3.63 (0.26) 4.4 (0.22) 0.18 (0.06) 4×10-4 
¥Transformed log(trait + 1).†Alt.1 model not applicable in non-epidemic phase, see basic 
model results. - denotes inestimable.  
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Table A.11 – P Values and Effect Size Reported Using GRAMMAR for SNPs Significant at 
the Chromosome Level for Joint Epidemic Phase Analysis 
Trait Model SNPS SSC Position P-Value Effect Size  
(SE) 
MAF 
Fmor Basic ALGA0121571 3 24,409,351 3×10-6 0.12 (0.03) 0.05 
Fmor Alt.1 ALGA0121571 3 24,409,351 5×10-6 0.09 (0.02) 0.05 
Mum Alt.1 ASGA0018788 4 18,736,505 2×10-5 -0.1 (0.02) 0.14 
Mum Basic ASGA0031083 7 9,690,196 5×10-6 0.08 (0.02) 0.43 
Mum Alt.1 ASGA0031083 7 9,690,196 7×10-6 0.07 (0.02) 0.43 
Mum Alt.1 ALGA0044856 7 118,565,139 6×10-6 -0.09 (0.02) 0.14 
Mum Basic MARC0016053 9 135,725,781 2×10-7 0.12 (0.02) 0.14 
Fmor Basic MARC0016053 9 135,725,781 9×10-7 0.08 (0.02) 0.14 
Mum Alt.1 MARC0016053 9 135,725,781 7×10-6 0.1 (0.02) 0.14 
Fmor Alt.1 MARC0016053 9 135,725,781 4×10-7 0.06 (0.01) 0.14 
Still Basic ASGA0046584 10 14,519,759 1×10-5 -0.07 (0.01) 0.36 
Still Alt.1 ASGA0046584 10 14,519,759 2×10-5 -0.07 (0.01) 0.36 
Still Basic ASGA0046593 10 14,647,576 2×10-5 -0.07 (0.01) 0.36 
Still Alt.1 ASGA0046593 10 14,647,576 1×10-5 -0.07 (0.01) 0.36 
Still Alt.2 ASGA0046593 10 14,647,576 2×10-5 -0.09 (0.02) 0.36 
Still Basic ASGA0053674 12 19,418,067 9×10-6 0.07 (0.02) 0.31 
Alive Basic ASGA0054360 12 36,158,023 5×10-6 -0.97 (0.21) 0.23 
Alive Alt.1 ASGA0054360 12 36,158,023 2×10-6 -0.95 (0.2) 0.23 
Alive Basic ALGA0066256 12 38,004,200 5×10-6 -0.92 (0.2) 0.25 
Alive Alt.1 ALGA0066256 12 38,004,200 3×10-6 -0.88 (0.19) 0.25 
Mum Alt.1 ALGA0085129 15 50,703,404 7×10-6 -0.09 (0.02) 0.22 
Still Basic ALGA0087227 15 138,208,768 3×10-6 -0.09 (0.02) 0.22 
Still Alt.1 ALGA0087227 15 138,208,768 1×10-6 -0.09 (0.02) 0.22 
Dead Alt.1 ALGA0087227 15 138,208,768 9×10-6 -0.11 (0.03) 0.22 
Still Basic ALGA0087207 15 138,593,445 7×10-7 -0.09 (0.02) 0.23 
Still Alt.1 ALGA0087207 15 138,593,445 4×10-7 -0.09 (0.02) 0.23 
Dead Alt.1 ALGA0087207 15 138,593,445 1×10-5 -0.11 (0.03) 0.23 
Still Basic ASGA0070725 15 138,715,882 9×10-7 -0.09 (0.02) 0.22 
Still Alt.1 ASGA0070725 15 138,715,882 5×10-7 -0.09 (0.02) 0.22 
Dead Alt.1 ASGA0070725 15 138,715,882 1×10-5 -0.11 (0.03) 0.22 
Still Basic MARC0016887 17 25,600,780 1×10-7 0.17 (0.03) 0.06 
Still Alt.1 MARC0016887 17 25,600,780 3×10-6 0.15 (0.03) 0.06 
Still Basic ALGA0097620 18 27,442,071 2×10-5 0.12 (0.03) 0.09 
P-value corrected for λ where λ>1, Effect size is as reported in the GRAMMAR score and 
therefore is expected to underestimate the true effect  
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Table A.12 – P Values and Effect Size Reported Using GRAMMAR SNPs Significant at the 
Chromosome Level for Joint Farm Epidemic Including Unknown Phase Analysis With the 
Alt.1 Model. 
Trait SNPS SSC Position P-Value Effect Size  
(SE) 
MAF 
Fmor ASGA0017245 4   3,325,357 1×10-5 -0.04 (0.01) 0.21 
Fmor MARC0016053 9 135,725,781 3×10-6 0.05 (0.01) 0.15 
Alive ALGA0066256 12  38,004,200 1×10-5 -0.76 (0.17) 0.25 
Mum ALGA0085129 15  50,703,404 2×10-5 -0.07 (0.02) 0.23 
Still ALGA0087227 15 138,208,768 7×10-6 -0.07 (0.02) 0.22 
Dead ALGA0087227 15 138,208,768 1×10-5 -0.09 (0.02) 0.22 
Still ALGA0087207 15 138,593,445 1×10-6 -0.08 (0.02) 0.23 
Dead ALGA0087207 15 138,593,445 4×10-6 -0.1 (0.02) 0.23 
Still ASGA0070725 15 138,715,882 4×10-6 -0.08 (0.02) 0.22 
Dead ASGA0070725 15 138,715,882 1×10-5 -0.09 (0.02) 0.22 
Still MARC0016887 17  25,600,780 3×10-6 0.14 (0.03) 0.06 
P-value corrected for λ where λ>1, Effect size is as reported in the GRAMMAR score and 
therefore is expected to underestimate the true effect. Where the same SNP occurs in 
multiple traits and/or models simplest trait/model shown. Red denotes SNPS also found in 
Joint Epidemic Phase Analysis, Orange denotes SNPs unique to Epidemic Inc. Unknown 
Table A.13 – Baseline Epidemic Phase Heritability Estimates 
Trait Model σ2A (SE) σ2PE (SE) σ2E (SE) h2 (SE) LRT 
Mum Basic 0.04 (0.03) 0.09 (0.08) 0.44 (0.08) 0.06 (0.05) 0.04 
Still Basic 0.09 (0.03) 2×10-7 (1×10-8) 0.34 (0.02) 0.2 (0.06) 8×10-5 
Dead Basic 0.05 (0.03) 0.26 (0.08) 0.34 (0.07) 0.08 (0.05) 0.03 
Alive Basic 0.93 (0.59) 4.32 (1.32) 5.65 (1.19) 0.09 (0.05) 0.02 
Tof Basic 0.92 (0.51) 2.71 (1.13) 5.15 (1.04) 0.1 (0.06) 0.01 
Fmor Basic 0.01 (0.01) 0.04 (0.01) 0.04 (0.01) 0.11 (0.05) 4×10-3 
Mum Alt.1 0.03 (0.03) 0.02 (0.08) 0.5 (0.08) 0.06 (0.05) 0.06 
Still Alt.1 0.07 (0.03) 4×10-7 (2×10-8) 0.35 (0.02) 0.16 (0.06) 1×10-3 
Dead Alt.1 0.04 (0.03) 0.14 (0.09) 0.44 (0.09) 0.07 (0.05) 0.05 
Alive Alt.1 0.68 (0.55) 2.73 (1.55) 7.06 (1.49) 0.07 (0.05) 0.05 
Tof Alt.1 0.71 (0.49) 2.78 (1.14) 5.18 (1.06) 0.08 (0.06) 0.03 
Fmor Alt.1 0.01 (5×10-3) 0.03 (0.01) 0.05 (0.01) 0.09 (0.05) 0.01 
Baseline heritability estimates using the full SNP data (including unmapped loci not included 
in RHM) and full phenotype data (including repeated records not included in RHM) fitting a 
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